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Abstract
Microplastics are small plastic particles which are a result of fragmentation of bigger plastic
items or they were intentionally added to products. Microplastic pollution is abundant and
ubiquitous in our environment. Yet, there is no standardized method to detect microplastics in
different environmental samples.
This thesis aims to build a classifier that identifies 20 different microplastics in soil
samples taken from agricultural soil. Collection of the samples and their purification and
measurement via micro-FTIR spectroscopy was carried out by a biology team at the
University of Bayreuth. The measurement results included one microscopic image and about
one million IR spectra per sample. Each spectrum showed intensities at 609 different
wavenumbers. To process the immense amount of data the software ImageLab (©Epina
GmbH) was used. Random Forest Classification was the machine learning technique of
choice for the purpose of this research. The following thesis describes the process of creating
a classifier for soil samples. In addition, it answers the question whether soil samples can also
be classified using an already existing surface water sample Random Forest Classifier which
had previously been created by a team at the Technical University of Vienna. The final
classifier for soil fulfills all requirements.
Using this classifier, it is now possible to examine an agricultural field’s microplastic
level before and after fertilization, allowing conclusions about microplastic pollution of
different fertilizers and distribution of microplastics in the environment through said
fertilizers.
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Deutsche Kurzfassung
Mikroplastikpartikel sind kleine Plastikpartikel, die entweder durch die Fragmentierung
größerer Plastikteile entstehen oder bewusst hergestellt werden, um Produkten bestimmte,
erwünschte Eigenschaften zu geben. Mikroplastikverschmutzung ist in unserer Umwelt
allgegenwärtig und reich vorhanden. Bisher gibt es allerdings keine Standardmethode um
Mikroplastik in verschiedenen Umweltproben zu detektieren.
Das Ziel dieser Diplomarbeit war es einen Klassifikator zu erzeugen, der zwanzig
verschiedene Plastiksorten in Bodenproben, die von landwirtschaftlich genutzten Böden
stammen, identifiziert. Die Proben wurden von einem Team von Biologen der Universität
Bayreuth gesammelt, aufgereinigt und per micro-FTIR Spektroskopie gemessen. Ein
Messergebnis besteht aus einem mikroskopischen Bild sowie etwa einer Million Spektren pro
Probe. Jedes einzelne Spektrum zeigt Intensitäten bei 609 verschiedenen Wellenzahlen. Um
diese riesige Menge an Daten zu verarbeiten, wurde die Software ImageLab (©Epina GmbH)
verwendet. Für die Klassifikation wurde die Machine Learning Technik Random Forest
gewählt. Die vorliegende Diplomarbeit beschreibt den Entstehungsprozess des Klassifikators
für Bodenproben. Des Weiteren beantwortet sie die Frage, ob Bodenproben auch mittels eines
bereits existierenden Klassifikators für Oberflächenwasserproben, der bereits zuvor von
einem Team der Technischen Universität Wien entwickelt wurde, klassifiziert werden können.
Der finale Bodenklassifikator erfüllt alle Anforderungen.
Durch die Verwendung dieses Klassifikators ist es jetzt möglich, den
Mikroplastikgehalt eines landwirtschaftlichen Feldes vor und nach dem Düngen zu messen.
Das ermöglicht Rückschlüsse auf die Mikroplastik-Umweltverschmutzung durch
verschiedene Düngemittel und die durch das Düngen hervorgerufene Verteilung von
Mikroplastik in der Umwelt.
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Introduction
I spy with my little eye something...
...PLASTIC.
Good luck distinguishing what item is described.
In today’s plastic century plastics are present, abundantly and ubiquitously. Many products
are made of or contain plastic. Resulting from that there is a lot of plastic waste produced too.
Some years ago, all newspapers printed pictures that showed plastic bags and other plastic
items floating in the sea. That was only surpassed by pictures of sea animals miserably dying
because they got stuck or ate the plastic garbage produced by the humankind.
Nowadays, concerning the field of plastics and the environment researchers are some
steps further. It is now known, that besides these big plastic items in the environment there are
tiny plastic particles too. They are called microplastics. Microplastics result from
fragmentation of bigger plastic items or were intentionally added to products like cosmetics or
toothpaste for their abrasive properties.
Environmental journals like National Geographic (see e.g. the article about
microplastics being found in air, water and food by Sarrah Gibbens [1]) but also widely read
Austrian newspapers like Die Presse (e.g. the article about microplastics occurring all over
the world by Michael Lohmeyer [2]) or Der Standard (e.g. the article about microplastics
being found in very high mountain regions [3]) are publishing articles about these small-sized
particles and their potential hazards for humans. On the Internet, campaigns against
microplastics are advertised (e.g. the petition against solid microplastics in cosmetic products
by Greenpeace [4]) and informational videos are uploaded on platforms like Youtube to
educate the public (e.g. the video about microplastics in seafood by The Verge with currently
approximately 470 000 views [5]). The topic of microplastics is present everywhere. The
word ‘microplásticos’ (Spanish for microplastics) was even chosen to be the word of 2018 by
the Spanish Fundéu BBVA (Foundation of Emerging Spanish) [6].
Microplastic particles are also found everywhere. They are present in daily life
products, on the streets, in the sea, in human civilization’s organic waste [7] and even in arctic
snow [8]. Furthermore they are already proved to be found in drinking water and food [9].
The 2019 WWF analysis about plastic reports that “[a]n average person could be ingesting
approximately 5 grams of plastic per week. The equivalent of one credit card” [10]. Matching
this statement microplastics have also already been detected in human stool [11]. In a pilot
study the Environment Agency Austria and the Medical University of Vienna tested eight
people around the world. Each of the eight stool samples was tested positive on microplastics.
Noticing at least some of the discoveries from research, also the public is starting to
take action by trying to create more awareness for these particles that are already spread all
over the world. Websites are being created like www.beatthemicrobead or
www.stopmicrowaste.com. On social media too people are dealing with the topic of
microplastics (see e.g. Instagram #microplastic (49 803 posts, 13/11/2020) #microplastics
(70 519 posts, 13/11/2020) #stopmicrowaste (3 692 posts 13/11/2020) and many more). The
1

public’s actions seem to bear fruit as already some big supermarkets in Austria and Germany
promote their inter alia. store brand cosmetics to be microplastic free. They even have
campaigns promoting the reduction of microplastics (see e.g. Hofer [12], Spar [13] and
Müller [14]).
Politics starts getting involved with microplastics too. In 2019, the WHO (World
Health Organization) published an extensive report on microplastics in drinking water [9].
Besides the main topic of microplastics in a watery environment, the report gives lots of
information about human health risks and the general status quo due to research about these
small particles. Also the ECHA (European Chemicals Agency) listed microplastics as one of
their hot topics [15]. In January 2019, they proposed a wide-ranging restriction on
intentionally added microplastics in products that are placed on the EU/EEA market
(European Union/ European Economic Area). At the moment ECHA’s Committees are
forming their opinion on the future of microplastics. It will be sent to the European
Commission which as a result will publish official restrictions to protect humans and nature.
A lot is happening in the field of microplastics. But still, there is one big problem.
No standardized method to detect and identify microplastics in different environmental
matrices has yet been developed. All numerical data concerning microplastics is just
calculations and estimations. Different research study outcomes are impossible to compare as
they differ so much in their methods. Furthermore yet there is no method that is easy in its
application, fast, adaptable to different environmental samples and provides results with a low
error rate [9]. Nevertheless, the moment the European Commission sets restrictions towards
microplastic deposition in different environmental or human settings there needs to be a
method that meets the requirements and can be applied all over the world.
This was the starting point of this thesis. The Technical University of Vienna (TU,
Austria) entered into cooperation with the University of Bayreuth (Germany). The German
microplastic working group in Bayreuth (coordinated by C. Laforsch) specializes in taking
environmental samples, purifying them and measuring the samples using micro-FTIR
spectroscopy. The Austrian working group (coordinated by J. Lohninger) is dealing with
analytical chemistry focusing on the field of chemometrics. They are analytically extracting
information from chemical systems using machine learning.
Using the statistical programs DataLab (©Epina GmbH) and ImageLab (©Epina
GmbH) they are inter alia creating classifiers based on Random Forest Classification to detect
and identify microplastics in environmental samples. When a classifier is applied to
measurement data plastic particles are marked in color on a microscopic image of the sample.
A classifier dealing with surface water samples was already created. The task of this thesis
was to train a classifier that works on environmental soil samples. During the thesis this
primary goal was shifted to the question of whether the water classifier could also be used for
soil samples. As the University of Bayreuth is focused on agriculturally used soil and natural
fertilizers like organic waste, the soil classifier should be engineered to fit these samples.
This thesis consists of two parts. Part one creates the base to make part two more
perspicuous. On the one hand the first section gives information about the environmental
2

samples from sampling over purifying to measuring. On the other hand it presents the basic
knowledge that is important to understand the concept of Random Forest Classification. The
second part of the thesis describes the procedure when trying to create a soil classifier, the
resulting matrix comparison of water and soil samples as well as the difficulties that were
discovered during research.

Microplastics
The term “microplastics” describes a wide range of materials of different chemical
compositions, sizes, shapes and densities. There is no scientifically agreed definition of
microplastics [9]. In this thesis the description of the term microplastics will lean on the
definition suggested by the ECHA (European Chemicals Agency) but will implement further
limitations due to analysis and evaluation settings.
According to ECHA “[m]icroplastics are very small (typically smaller than 5mm)
solid particles composed of mixtures of polymers (the primary components of plastics) and
functional additives. They may also contain residual impurities from when they were
manufactured” [15].
There are two different kinds of microplastics. On the one hand there are primary
microplastics. These particles were intentionally manufactured to be added to products to
fulfill certain requirements. They are e.g. abrasive and used as polishing agents in cosmetics
(“microbeads”). Other fields of application may be to control the stability, thickness or
appearance of a product. According to ECHA, each year, about 50 000 tons of these primary
microplastics are used in the EU/EEA (European Economic Area) and about 36 000 tons are
released to the environment annually [15]. Secondary microplastics are unintentionally
formed. They originate from larger pieces of plastics. They can e.g. be produced through
abrasion from automobile tires or synthetic fiber clothing.
In this thesis microplastics are plastic particles from 20 μm up to 500 μm. The lower
boundary is given due to the lateral resolution in consequence of the FTIR spectroscopy’s
measurement setting [16]. The upper boundary is set because since particles with a size over
500 μm were visually sorted out of the sample under a microscope before the purification step
and were not measured using micro-FTIR spectroscopy [17].
Furthermore the variety of different plastics was restricted to (yet) 20 different
polymers which the classifier was trained on. They are listed in Table 2 (Part I – I.2
Classification). Most of them were chosen because of their abundance.
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PART I Background Information
I.1 The data
The data that was used in this research is from environmental samples. There were surface
water samples from rivers and lakes in Germany and soil samples from agriculturally used
soil from different locations in Germany. A classifier was already built, tested and optimized
on the water samples. This thesis aimed to create a classifier to process the soil samples. The
research focus was on the data analysis and not on the generation of data. For both types of
samples, water and soil, the sampling procedure, purification and measurement were done by
the University of Bayreuth (Germany). Within the next chapters these three steps of data
generation are explained to ensure knowledge about how the used data was created and what
influenced the results.

I.1.1 Sampling
I.1.1.1 Water samples

The sampling process was done by a team of the biology department of the University of
Bayreuth1 and their cooperation partners. The water samples are from German waters (i.a.
rivers and lakes) and most of them were taken with manta trawls (Figure 1). These trawls are
used to take samples of the water surface and the water column down to about 15 cm beneath
the surface where floating microplastics can be found. The volume of the filtered water is
recorded by a flowmeter at the net opening.
The mesh size used was 300 μm, therefore
microplastic particles of that size or above
can be analyzed quantitatively. Nevertheless,
smaller microplastic particles are found too,
because solid material that is floating in the
water starts minimizing the mesh size before
clogging it completely. The speed of the
clogging process is depending on the organic
Figure 1: Manta trawl
load [18].
I.1.1.2 Soil samples

The sampling of the soil samples was also undertaken by the working group of M. Löder from
the University of Bayreuth. The researchers decided from their biological point of view what
kind of soil they wanted to be analyzed. The classifier needed to work best on these samples.
As their interest lay on two different types of soil, also this thesis stresses its main focus on
1

working group animal ecology under supervision of Ch. Laforsch, with M. Löder in charge for the project
“microplastics”
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these two.
There are "soil" samples and "compost" samples. "Soil" represents agriculturally used
soil. On these testing fields compost and sewage sludge were spread as fertilizers. The fields
were then homogenized and the "soil" samples were taken from there. The second sample
type is "compost" which stands for organic waste samples. These samples were taken directly
from the raw material before it was spread onto the fields.
All samples were taken from or just below the
surface of the homogenized fields around Bayreuth and
other locations in Germany. Figure 2 shows a map of
Germany with Bayreuth being marked with the red dot.
For each sample 2 to 4 kg of soil or compost were taken
and lyophilized. For the following purification protocol
the 2 to 4 kg per sample were again homogenized and
about 500g were taken as a subsample. Only this 500g
was purified afterward analyzed via FPA-based microFTIR.

Figure 2: Germany (red mark: Bayreuth)

These two types of samples, the agriculturally used soil and the biological fertilizer,
were of certain interest because organic waste contains comparatively many microplastic
particles e.g. from the packaging of fruits and vegetables [7].

I.1.2 Purification
All purification steps were optimized and performed at the University of Bayreuth by the
working group of M. Löder. The biologists developed a purification protocol called BEPP
(Basic Enzymatic Purification Protocol) to efficiently reduce the sample matrix in seawater
surface samples (e.g. sediments, plankton) while preserving the microplastics in the sample.
The BEPP was improved and adapted to make it suitable for other environmental samples (e.g.
water, wastewater, soil, tissue matrix) and food samples. That new approach is called UEPP
(Universal Enzymatic Purification Protocol). Detailed information about the purification
procedure can be found in their publication [17].
It is necessary to purify the samples because the target (microplastic particles) to nontarget (matrix) ratio is very disadvantageous in non-purified samples. The concentration of
microplastics in environmental samples is very low. There are many more natural compounds
than plastic particles [17]. Also when filters are loaded with the samples they produce
composite spectra. Because of the amount of sample, particles tend to overlap each other. The
spectra at these spots show the properties of all of the overlapping particles. Classifiers have
difficulties processing such spectra and make clear and correct decisions because they are
trained on single substances. In the worst case peaks are overlapped by broader bands and
wrong information is gathered. There was already research done concerning these mixture
spectra by D. Steiner (Evaluation of microplastic classifiers using linear hyperspectral
mixture images. Diploma thesis [19]).
6

All samples, water and soil, were
analyzed using the UEPP. In the case of
the soil samples 500g per sample were
purified as already mentioned. The
UEPP
includes
nine
different
treatments. Most of them involve
enzymes to degrade as much matrix as
possible and then wash it away. After
the purification the remaining amount
of the sample should fit onto one or two
filters with a circular sample area of
about 95 mm2 each. The difficulty is to
remove the matrix particles but not to
degrade any microplastic particles.
Strong acidic or alkaline treatments
therefore could not be applied.
The nine treatments of the
UEPP are very explicit and have exact
time frames, pH and temperature given.
The complete UEPP procedure is
shown in Figure 3. When the exact
UEPP manual instructions are followed,
Figure 3: Universal Enzymatic Purification Protocol Procedure
the purification of one sample takes
[Löder et al.]
about fourteen days. Whereas indeed
the purification and measuring process of the examined soil samples took about one month
per sample because due to the matrix composition purification experts decided to repeat single
steps to further decompose the soil matrix. In the following paragraphs the UEPP treatments
are explained briefly.
As can be seen in Figure 3 in the beginning the samples are defrosted and sieved
through a 500 μm mesh. The subsample of the particles with a diameter above 500 μm is
visually sorted under a microscope and analyzed via FTIR-ATR (not part of this research).
The subsample with particle size below 500 μm enters the UEPP.
Following are eight steps to remove the organic compounds. They mainly use
enzymes because enzymes are very specific in degrading compounds and do not affect the
microplastics. The sequence of the enzymes was chosen according to the lability of the
targeted organic matter (proteins, lipids, cellulose, and chitin) [17]. All samples were
incubated in a Multitron shaking incubator by Infors at 40 rpm during the different treatments.
After every treatment the samples were filtered and washed carefully. The last purification
step was to remove the inorganic compounds by density separation in a separation funnel.
Afterward the samples were washed out of the funnel and filtered through an aluminum oxide
foil filter which was used as a substrate for the subsequent measurement [17].
The first treatment was with a 10% (w/w) solution of the anionic surfactant SDS
7

(sodium dodecyl sulfate). It macerates plankton, plant and animal residues and by that
increases the contact surface for the following enzymatic treatments.
Sequently, there was the protease treatment that led to the degradation of the protein
chains. The generated peptides were easily dissolved and washed off. The lipase step splits
lipids into glycerol and fatty acids. The following cellulase treatment was repeated three times
because of the many cellulosic materials in the matrix, especially in the soil samples. Its
function is to cleave the ß-1,4-bonds within cellulose molecules. The amylase purification
step deals with the samples with a high content of polysaccharides (e.g. high loads of plant
material, soil or food). The enzyme cleaves the alpha-1,4-bonds in starch [20].
Next was the first hydrogen peroxide treatment. This step is implemented to i.a.
facilitate the contact between the chitinase (next step) and chitin that is often protected e.g. by
proteins and calcium carbonate. Afterward chitinase is added to break the glycosidic bonds
within the chitin. The second hydrogen peroxide treatment is used to further degrade the
partly dissolved organic material [17].
The last step of the actual purification was the density separation with ZnCl2 solution
(1.7 g/cm3) to remove the inorganic material. The filtered samples were transferred into
separation funnels. The light fraction contained the microplastics which accumulated on the
surface. After the heavy, sunken compounds and most of the solution were removed, the
solution with the light components was filtered through an aluminum oxide filter (Anodisc 25
by Whatman). That filter type was chosen because aluminum oxide was the material of choice
as a substrate for the FPA-based FTIR analysis [17].
At that point most of the matrix was degraded. Nevertheless some samples still had
too much material left for one filter. They were divided into two to four parts. Each filter was
measured separately.

I.1.3 Measurement
The measurement of the samples was done by FPA-based micro-FTIR (Fourier
Transformation Infrared) spectroscopy. All measurements were performed at the University
of Bayreuth by the research group of M. Löder that already did the sampling and purification
of all samples.
The spectrometer used was the Tensor 27
FTIR spectrometer by Bruker Optik (Germany)
which was coupled with a microscope. The
microscope was the Hyperion 3000 FTIR
microscope by Bruker Optik (Figure 4). The
complete measurement device was operated by the
software OPUS 7.2 by Bruker Optik.
The IR radiation inside the spectrometer was
produced by a silicon carbide globar. The
spectrometer also included an internal L-alanine
8

Figure 4: Combined device "Tensor 27" FTIR
and"Hyperion 3000" FTIR microscope

doped deuterated triglycine sulfate (DLatTGS) single detector implemented that worked at
room temperature. Furthermore, an FPA (Focal Plane Array) detector with 64 x 64 detector
elements was attached that was cooled by liquid nitrogen.
The microscope was equipped with an automated xyz-stage on which circular calcium
fluoride (CaF2) sample filter plates by Korth Kristalle (13 mm diameter, 2 mm thickness)
were placed. The FTIR microscope had a 4 x visual objective lens (40 x final magnification)
and a 15 x IR objective lens which allowed 150 x final magnification [18].
The whole FTIR system was flushed inside with dry air at a flow rate of
approximately 200 l per hour. That was necessary to prevent the measurement from air
humidity as strong bands of gaseous water appear in the wavenumber regions around 3500 to
3000 cm-1 and around 1600 cm-1. They would overlap peaks of the target materials. The dry
air was generated by the JUN-AIR Model OF302-25 + 4 MD3 by Gast Manufactoring.
Difficulties with CO2 in the air are discussed in Part II - II.2 Distinguishing between soil and
water matrix.
The IR measurement was done in transmittance mode. In the test phase transmittance
mode led to better imaging results than reflectance mode [18].
The samples were placed on an aluminum oxide filter, Anodisc 25 by Whatman (25
mm diameter, 0.2 μm pore size, 60 μm thickness). The sample was filtered on a circular area
of approximately 95 mm2 [18].
Of all tested material
aluminum oxide had the best IR
transparency,
respectively
low
absorbance values, within the
wavenumbers of the measurement.
Its disadvantage was that it limited Figure 5: Aluminum oxide filter (Anodisc 25) IR measurement
the measurement region to 1250 cm-1
because aluminum oxide has many strong bands in the lower fingerprint region (Figure 5).
Apart from this there is only one small doublet band between 1620 and 1420 cm-1. The
substrate material set the right-handed boundary of the IR-measurement due to its opacity
above that wavenumber [18]. After the measurement, one substrate pixel was selected and
subtracted from all spectra of a sample to remove the aluminum oxide bands.
The left-handed boundary was set at 3600 cm-1 because no mid-IR bands of plastic
above that wavenumber were expected. All samples were therefore measured in mid-IR from
3600 to 1250 cm-1. The measurement time per sample was 3 to 3.5 hours. A spectral
resolution of approximately 4 cm-1 was chosen. Therefore at each pixel intensities at 609
different wavenumbers were measured.
The sample was filtered on a circular area of approximately 95 mm2. The physical
limitation of the lateral resolution because of the diffraction of IR radiation is at 10 μm at
1000 cm-1 [18]. Therefore about 1025 x 1025 pixels (1 050 625 pixels) were measured in that
area. That led to a pixel size of around 11 μm x 11 μm. In testing it was found that the precise
measurement of particles depending on the analyzed material was possible down to particles
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of approximately 20 μm of size [18].

Figure 7 Figure 7: Microscopic picture of sample

Figure 6: Figure 6: IR measurement of sample

Besides the IR transmittance measurement a microscopic image of every sample was taken
using the microscope’s 4 x objective lens.
Table 1: Settings of the FPA-based micro-FTIR spectroscopy measurement by Tensor 27 and Hyperion 3000

IR mode

substrate

left
limit

right
limit

spectral
resolution

intensities
per pixel

pixel per
sample

lateral
resolution

Transmittance

aluminum
oxide
filter

3600 cm-1

1250 cm-1

4 cm-1

609

1 051 000

20 μm

Further information about the development of the measurement process and settings in detail
is given in the paper “Focal plane array detector-based micro-Fourier-transform infrared
imaging for the analysis of microplastics in environmental samples” that was published in
2015 in the journal Environmental Chemistry [18].
Table 1 sums up the measurement settings. Per sample there are over 1 000 000 pixels.
At every pixel a spectrum with 609 intensity values is measured. For one sample that is
already lots of information but there were fifteen soil and eighteen water samples. This
research aimed to process and work with these data to create a classifier to identify the
microplastic particles on the aluminum oxide filters. Machine learning was needed to deal
with the amount of data in a realistic time frame. The following chapter explains the term
“classification”, its most important steps and illustrates the method of choice: Random Forest
Classification.
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I.2 Classification
In this research a machine learning technique was applied to the data to build a classifier that
differentiates between 22 different classes (see Table 2). Machine learning techniques use
data to build a prediction model, or learner, to predict the outcome of unseen inputs. The
process is based on a set of features. These features span a so called feature space (see
spectral descriptors as features of IR spectra: Part I – I.2.2 Spectral descriptors). The inputs
are independent variables, or predictor variables. The outputs are responses, or dependent
variables. In classification problems the output is discrete and gives the class belongings [21].
There are two general approaches that machine learning techniques make to calculate
a prediction model: Supervised and unsupervised techniques. In supervised techniques the
learning process is guided by the presence of the dependent variables. For a set of
observations there is a training set with feature measurements and associated responses.
Unsupervised techniques describe how data is organized or clustered by observing the
features only. There is no measurement of the outcome [21].
The method of choice for this thesis was the Random Forest Classification which is a
tree-based ensemble method. Random Forest Classification is a supervised technique thatuses
a pool of decision trees to make a class assignment. Terms and detailed functionality will be
explained in Part I – I.2.3 Random Forest Classification.
Still, there are many other classification methods. Some use less complex models like
the LDA (Linear Discriminant Analysis) which is a linear technique. It maximizes the
distance between the means of classes of observations in a feature space while minimizing the
variation within each class. LDA linearly separates different classes using hyperplanes.
Hyperplanes are subspaces of one dimension less than the ambient feature space [22].
Other methods are instance-based like the k-Nearest Neighbor classifier which
therefore is a lazy learning method. The training data including its class labels is represented
by a set of points in a feature space. The classifier finds the k training points which are closest
in (e.g. Euclidean) distance to an unknown observation (see Figure 8). The majority vote
among the k-Nearest Neighbors sets the observation point’s class label [21].

Figure 8: Nearest Neighbor Classification [Ng/Soo]

Figure 9: Support Vector Machines linear
example [Ng/Soo]
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Other methods like SVM (Support Vector Machines) and Neural Networks are currently most
present in the public discourse. Especially Neural Networks are often mentioned in the
context of the very popular topic of Deep Learning. SVMs use hyperplanes to separate, or
classify, data in a feature space [22]. Figure 9 shows a two dimensional hyperplane that is
used to separate two classes in a 3-dimensional feature space. Other than the LDA method
SVMs maximize the margin which is the distance of the hyperplane to the closet point(s) of
each class.
Neural Networks are two stage classification models.
They are often represented by a network diagram
(see Figure 10). The derived features (Z) are calculated using
linear combinations of the inputs (X). The responses (Y) are
created through linear combinations of the derived features (Z).
Originally, neural networks were designed as representations of
the human brain. Each unit depicts a neuron and each
connection a synapsis [21].
Random Forest Classification was the method of choice
for the purpose of this research because of the comparatively Figure 10: Neural Networks
schema [Ng/Soo]
short prediction time and good accuracy on this specific
classification problem. Additionally, Random Forest can be
grown on a small amount of data compared to Neural Networks which were also considered
due to the current hype. But Neural Networks need much more data to give as accurate results.
In this research all spectra were manually picked. The amount of data was therefore very
limited. Besides, Random Forests have benefits in robustness and interpretability [23]. The
applicability of k-Nearest Neighbors and Support Vector Machines Classification to the
microplastic classification problem was recently tested [24]. The lazy learning technique
k-Nearest Neighbors was found unsuitable due to its long prediction time. SVM had good
accuracy but struggled with wrongly classified single pixels. Still, it was concluded that after
some improvements it would be well suited for future applications [24]. But because of the
experience with Random Forest Classification in the field of microplastic identification and
the satisfying results, the tree-based ensemble method was chosen.
In this research the observations were the measured FTIR spectra (=pixels). The
feature space used for the classification was spanned by the so called spectral descriptors
instead of by the raw data (see Part I – I.2.2 Spectral descriptors). The outcomes were class
names, and class numbers. The 22 different classes are given in Table 2. Besides defining
spectral descriptors, true data was chosen and labeled (see Part I – I.2.1 True data). It was
used to train and test the Random Forest Classifier.
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Table 2: Classification classes

class N°

class name

class N° class name

1

PU

Polyurethane

12

PS

Polystyrene

2

PET

Polyethylene
terephthalate

13

PBT

Polybutylene
terephthalate

3

PA

Polyamide

14

PPSU

Polyphenylsulfone

4

PC

Polycarbonate

15

CA

Cellulose acetate

5

PMMA

Polymethyl
methacrylate

16

EVAc

Ethylene vinyl acetate

6

PVC

Polyvinyl chloride

17

PEEK

Polyether ether ketone

7

PE

Polyethylene

18

EVOH

Ethylene vinyl
alcohol

8

PP

Polypropylene

19

PSU

Polysulfone

9

POM

Polyoxymethylene

20

Silicon

/

10

ABS

Acrylonitrile
butadiene styrene

21

Substrate

/

11

PAN

Polyacrylonitrile

22

Matrix

non-polymer

I.2.1 True data
In this thesis, the term true data represents spectra which IR experts assigned to specific
classes. There are two types of true data. The (larger) set of training data is used to train a
classifier. For testing, the classifier is applied to the (smaller) test data. The assignment of a
spectrum to the training or test set is made at random. When a spectrum of the true data is
assigned to the training data it will not be used to test the calculated classification model. Also
a test spectrum will not be used for the training of the tested classifier model.
True data is what humans would call their learned knowledge. Human beings gather
information based on which they later make their decisions. Machine learning techniques like
the Random Forest Classification use the true data’s training set to create a prediction model
which also gives its responses based on what it has learned from the data.
To understand the concept of true data, it is important to be aware that a learner, or
classifier, only knows what it was told. The desired classifier in this thesis should be able to
differentiate between 22 classes. It uses spectral information to assign unknown pixels to
certain classes. To be able to make a decision the algorithm needs spectroscopic knowledge
about the classes. This knowledge is implemented by an IR expert assigning spectra to each of
the 22 classes. In practice, all samples (and further measurements) are screened and spectra
are manually assigned to the classes.
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Then a classifier has a collection of example spectra for each class. This collection of spectra
plus their assigned classes is the true data. As mentioned the classifier is trained on a
randomly chosen part of this data. When a trained classifier is applied to a spectrum of its true
data’s training set, it will assign the spectrum to the correct class. But the classifier’s
challenge is not to classify known spectra but “to generalize beyond the [known]
examples” [25]. Generalization is the “ability of a model to estimate the unseen test (out-ofsample) data” [26]. To test the classification model’s generalization ability the test set is used.
The so called confusion matrix shows the classification model’s class results for every
spectrum of the test set compared to the classes that those spectra were assigned to in the true
data. Measures of quality of the classifier derive from this matrix. More information can be
found in Part I - I.2.4 Testing.
To make good generalization possible a classifier must not be underfitted or overfitted
(Figure 11). Underfitting is usually given when a classifier has too little information about the
classes. The resulting classification model is very simple and makes many mistakes.
Overfitting happens when a classifier is given too much data that leads to a very narrow
perspective. The bias is low but when the true data is only slightly changed, the outcome is
completely different. In both cases the results are unreliable. In Figure 11 the optimum
classification model is reached at the
broken (green) line where the error
function (red line) is at its minimum
[26].
To
balance
the
model
complexity, two questions need to be
answered. How many spectra should
be collected per class? And what
spectra should be collected? These Figure 11: Underfitting and overfitting [Ghojogh/Crowley]
decisions need to be made by an expert
in IR spectroscopy and Random Forest Classification. Every machine learning technique is
different. It is important to have knowledge about and experience with the classification
method used. Besides, the classifier needs to be tested and optimized to ensure it makes the
best prediction possible within a certain specification.
Information specific to the true data of the water and soil classifiers can be found in
Part II – II.1.3 The true data for water and soil.

I.2.2 Spectral descriptors
Data or observations (= pixel spectra) can be imagined as points in a p-dimensional space.
This space is spanned by features that are used to differentiate between the observations. The
more features, the more dimensions has a space. High dimensional spaces are huge constructs
where actual observations cover only a very limited amount of space. Most of the data space
is empty. This is known as the curse of dimensionality. The curse can only be overcome by
highly increasing the number of observations or reducing the dimensionality. The number of
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observations is limited due to the measurement time needed. Subsequently, the best solution is
to reduce the number of features that span the space. But this reduction of dimensionality
leads to a loss of information. The decision on what information to keep is based on
knowledge. The resulting “new features” are changed variables with implemented knowledge.
They transform the data space through this implementation of knowledge. That facilitates the
differentiation between different observations or classes of observations by increasing
selectivity [27].
In this application the observations are IR spectra. The raw data therefore consists of
intensities at different wavenumbers. The “new features” are based on these spectra and are
used to describe them. Therefore they are referred to as “spectral descriptors”. The knowledge
is implemented through an IR expert who defines what parts of a spectrum to implement in a
descriptor to optimize the differentiation between the observation classes. Classifier’s using
spectral descriptors are faster in their calculations, need less processing power and lead to
better data models than those using only raw data.
Here the total number of observations is the number of pixels per sample multiplied by
the number of samples. There are about 1.05 million spectra (= pixels) per sample. The
number of samples, water and soil, is 32. Hence, the total number of observations is about 107
spectra. For each spectrum the intensities were measured at 609 different wavenumbers.
Assuming the intensities were measured with a resolution of 1%, this results in a feature space
of over 101200 compartments. With only about 107 compartments being filled, most of the
feature space is empty. When spectral descriptors are used instead of raw data, the feature
space transforms and shrinks. For the water classifier 129 spectral descriptors were defined
(see Part II – II.3.1 The random forest water classifier). Their feature space consists of only
10260 compartments. There is a lot less empty space.
To sum it up, spectral descriptors are features used to describe a spectrum. They are
called predictor variables as the classification uses them to predict class belongings. There are
different types of spectral descriptors.

Figure 12: Polyacrylonitrile (PAN) spectrum (right) TC descriptor for PAN (left)
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One example is the TC descriptor (Triangle Correlation) which is shown in Figure 12 (right).
In that example a PAN (Polyacrylonitrile, class 11) spectrum was chosen. That type of plastic
has a very characteristic peak at 2240 cm-1 which represents the cyano-group (functional
group -C≡N). None of the other types of plastic from class 1 to 20 produces this band in the
IR radiation. In this setting it is very specific and a good distinguishing feature. The TC
descriptor is set using a PAN spectrum from the samples (Figure 12 left). The descriptor’s
baseline is defined by the position of the two broken lines besides the template peak. Only the
area above this baseline is considered. The red line in the middle is set exactly at the peak’s
highest point. Using the peak’s tip and the two baselines the spectral descriptor defines a
template triangle. It then examines the correlation of this template triangle with a (probably
nonexistent) peak of an examined pixel spectrum at the defined wavenumbers. Good
correlation and the possibility of the compound being PAN is given when the intensities of the
examined spectral points rise on the left side of the triangle and fall on the right side of the
triangle.
The TC descriptor is only one type of descriptor. Another one is described in
Part II – II.1.2 Soil specific spectral descriptors. In general, there are many different types of
descriptors. Different classification problems require different spectral descriptors because
they are designed to describe the parts of a spectrum that are important to distinguish between
different classes. Furthermore some descriptors are not designed specifically for one spectrum.
But research showed that they improved the classification results. Usually the spectral
descriptors that best solve a classification problem are chosen by Variable Importance.
Concerning Random Forests it is important to define many spectral descriptors. Fewer
spectral descriptors lead to unreliable results. The reason is explained in the next chapter
about Random Forest Classification. Further explanations about the spectral descriptors used
for the soil classifier are given in Part II - II.1.2 Soil specific spectral descriptors.

I.2.3 Random Forest Classification
Random Forest Classification was invented and first mentioned by Leo Breiman in his
publication “Random forests” in 2001. The individual ideas merged in this classification
method had nevertheless been researched earlier.
This supervised machine learning technique is a tree-based ensemble method. Its basic
unit is a decision tree. These systems are called trees because when breaking down their
decision processes, graphically they resemble trees. Secondly, the word “decision” is included
because it makes decisions. When it is a classification decision tree the final step is the
decision for a certain class. The process of classification is indicated in a very simplified and
symbolic way in Figure 13.
The decision making starts at the roots of the tree and ends at the leaves. Spectral
descriptors are used to make the decision. Every node represents a question involving a
certain descriptor. The binary answer to every question is “yes” or “no”. Which answer is
chosen and which threshold is set is defined through the classifier’s training. At first, for each
tree spectral descriptors are randomly chosen. This random selection of spectral descriptors is
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one reason for the term “Random Forest”. The order in which the chosen descriptors are used
in a tree can be defined by various statistic measures. Here the Random Forest Classifier
applies the Gini Index. It is a measure of how
effective a particular descriptor’s question is. The
lower the Gini Index, the more effective is a split.
The best spectral descriptors from the chosen ones
have the lowest values.
Figure 14 gives an example for a
classification
process
using
a
CART
(Classification and Regression Tree) decision tree.
In this example the tree classifies different olive
oils. There are two different outputs: Olive oil
from East Liguria and olive oil from other regions Figure 13: The principle of a (Random Forest)
decision tree
in Italy (8 different regions are combined to the
“not from East Liguria” class). This decision tree has three nodes. At each node the data is
split into two subsamples. The splitting criterions (= descriptors) are the contents of certain
fatty acids. The thresholds are set at different weight percentages of these fatty acids. The
final decision for a class is made when the termination criterion is reached and symbolizes a
leaf. The termination criterion is set at a purity of 1.0 which means that this subsample only
represents samples from one specific class.

Figure 14: CART decision tree for the classification of Italian
olive oils

The decision tree’s training set
consists of 572 samples of Italian olive
oils. 51 are olive oils from East Liguria
and 521 are from other regions. The
572 training data enter the tree from
above. Because this entrance represents
the roots of the decision tree, the tree
can also be imagined upside down. The
first splitting criterion is the oleic acid
content. The threshold is set at 78.8
w%. The data is divided into two parts.
One subsample’s oleic acid content is
below 78.8w%. All of these 506
samples are not from East Liguria
(purity = 1.0). The tree’s first leaf is
reached. The other subsample which
consists of 66 olive oils proceeds to the
second split criterion, the eicosenoic
acid content. The threshold for the split
is set at 0.15w%. 8 olive oil samples
which are not from East Liguria form a
second leaf. The other subsample (58)
is split by its linolenic acid content.
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This last division marks the termination of the tree’s classification process because both
subsamples have a purity of 1.0. There is another leaf for olive oils which are not from East
Liguria (7). The other leaf represents the East Ligurian olive oils (51).
This was an example of a decision tree’s operating mode. But there is one major
drawback from decision trees. A single decision tree has high variance. If the training data is
randomly split into two halves and a tree is grown on each part separately, the outcome may
differ a lot. Also decision trees are not very robust. Tiny changes within the training data can
lead to major changes in the outcome. Decisions have a distinct probability to be wrong
besides never being very precise, robust, reliable, reproducible and accurate. But these are
crucial features of a classifier.
The Random Forest Classification therefore uses not one single decision tree but an
ensemble of decision trees, also referred to as forest. Ensemble methods combine the
strengths of a set of simpler base models, like decision trees, to create a single overall
prediction model [21]. The advantage of this more complex model is the reduction of variance
and the simultaneous enhancement of the prediction accuracy. At first single decision trees
with high variance are create. Then they are combined to a single forest model which has low
variance. The classification system’s name is based on that randomly chosen forest of many
decision trees. It is indispensable that each of the separate trees is different. They use different
(randomly chosen) spectral descriptors and are based on different (randomly chosen)
subsamples of the true data’s training set. Correlated and therefore very similar trees distort
the classification results. It is important to define enough spectral descriptors and enough true
data, that many different selections are possible. Too few spectral descriptors immediately
lead to correlation. This random selection of training data to grow different trees on is called
bootstrapping. Its random selection is another reason for the term “Random Forest”.
In this thesis the observations are spectra (=pixels) and the splitting criteria use
spectral descriptors. When an unknown spectrum is classified, it is processed by every single
tree and each outputs an independent assignment to a specific class which is a qualitative
output. The final decision is then made by a majority vote over the outputs of all trees. The
unknown spectrum is predicted to belong to the class which most trees voted
for [26] [28] [29].
Within this classification project some post processing was added after the
classification process was finished. That is necessary to know about the decidedness of the
majority vote and the decision’s purity. But because in this research the classification itself
was targeted, the variety of post processing is not explained in detail.

I.2.4 Testing
After training a classifier is tested. In this phase the test set of the true data is used. The
classifier is run over the test set. The correct classes of the spectra in the test set are known.
Every assignment to the wrong class can therefore be seen. When the results are unsatisfying
and the classifier makes many mistakes, the classifier’s spectral descriptors and/or the true
data are optimized. The classifier is then trained using new variables and/or data and tested
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again. This is an iterative process that is repeated until the classification results meet the
requirements.
Usually the mistakes that a classifier makes during the testing phase are shown in a so
called confusion matrix (Figure 15). There is a confusion matrix for each class. Two pieces of
information come together in the confusion matrix. The class label of the true data is usually
written above the matrix and the classifier model’s decision on the left side of the matrix. In
the matrix, information about the predicted and the actual class overlaps. In Figure 15 the first
classification matrix is for PAN (class 11). When the classifier correctly assigns a PAN
spectrum from the test set to class 11, this spectrum is marked with a dot in the upper left
square (green, 7). This is called TP (true-positive). The classifier’s prediction is positive that it
is PAN and the expert also assigned it to class
PAN (true). In the lower right square spectra are
found that are predicted to be no PAN and
actually are no PAN (grey, 385). This is called
TN (true-negative). The other two squares mark
the classifier’s mistakes.
The better the classifier the fewer spectra
are in the FP (false-positive) or FN (falsenegative) squares of a confusion matrix. The
upper right square shows the spectra which the
classifier predicted as PAN but in reality belong
to another class (FP, 0). The lower left square
shows spectra that are PAN but are said to be no
PAN by the classifier (red crosses, 9). This
example classifier identified less than half of
the PAN spectra in the test set.

Figure 15: Confusion matrix (class 11 to class 17)

Some measures of the classifier quality derive from that matrix. One example is the
classifier’s accuracy (Acc). Other measures can be looked up in e.g. [30] or [31].
𝑇𝑃+𝑇𝑁

Acc = (𝑇𝑃+𝐹𝑁+𝑇𝑁+𝐹𝑃)
Usually FP and FN spectra are checked again to ensure the expert did not make any mistake
like assigning them to the wrong class. If the expert was right, the classifier is optimized.
There are three ways to optimize a classifier. The true data, the spectral descriptors and/or the
classifier settings (like the number of trees) can be adapted. For spectral descriptors e.g. the
Variable Importance can be measured. Concerning the number of trees there is a Tree Scan
offered. There are some more tools and performance measures to gain insight into the
potential unsteadiness of the classifier and optimization options. However, if difficulties arise,
it is the responsibility of the expert to review all data and to find the reason for the problem to
prevent the classifier from making mistakes. It is important to remember that a machine only
knows what it was told and then learns from that. If the expert made mistakes in giving
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information or forgot to give some information, the classifier makes mistakes in the output.
Therefore testing is necessary and needs knowledge, experience and time. The last (empirical)
test option is to use the classifier on a sample and then look at where difficulties arise.
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PART II The soil classifier
II.1 Creating a soil classifier
To create a classifier there are four steps necessary as already mentioned. Single pixels from
all samples need to be collected and assigned to one specific class manually. These pixels
build the true data. Spectral descriptors need to be defined that best describe and distinguish
the samples’ compounds. Then the Random Forest Classifier’s settings are adjusted, and the
classifier is trained on the chosen true data with the spectral descriptors. Afterward as an
iterative process the classifier is tested and optimized.
The spectral descriptors and true data for the different microplastic types (class 1 to
20) were previously determined and e.g. used in the diploma thesis A comparison of machine
learning techniques for the detection of microplastics of L. Schedl [24]2. They were already
used to train and test a classifier that identified microplastics in surface water samples. The
soil samples were purified and measured like the water samples. Only some optimization
concerning the purification process was done because soil samples contain more matrix than
water samples. Despite the longer lasting and more intensive purification the microplastic
particles were unchanged by the process. The spectra of microplastics in water and soil
samples were the same. It was not necessary to again determine true data and spectral
descriptors for the microplastic classes (class 1 to 20).
The remaining matrix of soil was expected to differ from the remaining water matrix.
Thus, this thesis’s focus was on class 22 (soil matrix, non-polymer). The first approach was to
define spectral descriptors to describe the soil matrix. To set them, the composition of soil
needed to be known. Afterward the true data for the soil matrix was collected.

II.1.1 The composition of soil
Soil consists of two main groups of components. There are inorganic and organic components.
Depending on the grain size fraction and where a sample is from, the composition differs.
Concerning the inorganic parts of soil, some minerals can be found in (almost) all soils,
only the proportion varies. In general, the most important mineral components are quartz
(silicon dioxide), (alkali) feldspar and mica [32]. In Figure 16 there are three soil types: sand,
silt and clay. The different weight percentages of the three main soil component groups,
together with clay minerals and oxides, are presented.
Quartz is a mineral with the chemical formula SiO2. It is the most common primary
oxide in rocks and soils and is entirely built out of SiO4-tetrahedra. Quartz has one specific IR
spectrum.
2

Annotation: In that thesis 24 classes were targeted by the classifier instead of the 22 classes in this research. In
the beginning the two additional classes were not enough examined to be implemented in the classifier and
therefore were not integrated into this thesis.
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Unlike quartz, feldspar and mica are difficult to define. Both are generic terms for groups of
different chemical compounds. Feldspars are Na-K-Ca-Al-silicates with varying percentages
of the different elements. The most important types of feldspar are orthoclase (potassium
feldspar, KAlSi3O8), albite (sodium feldspar, NaAlSi3O8) and anorthite (calcium feldspar,
CaAl2Si2O8). These are pure feldspar compounds. They are in the corners of the triangle
below (Figure 17) which shows the different mixing ratios of feldspars from the pure
compounds to the mixed ones. Potassium and sodium tend to mix and calcium and sodium
which have a similar size replace each other in the crystal structures.
The spectroscopic difficulty is that there is not a simple spectrum for feldspar but there
are multiple ones because of the multiple possible percentages of element mixtures [32].

weight percentage (%)

mica
feldspars

clay
minerals
and

quartz

sand

silt

Figure 17: Figure 16: Inorganic soil composition
[Scheffer/Schachtschnabel]

clay
Figure 16: Figure 17: Feldspar group different types of feldspars
[geology]

The third important mineral (group) is mica. Mica is K-Mg-Fe-Al-silicates with a layered
structure (phyllosilicates). The most widespread mica is muscovite and biotite. The mineral
group biotite again is a solid-solution of annite (Fe-endmember) and phlogopite (Mgendmember) in varying percentages. Besides, there are also other not so common types of
mica. Also mica is not represented by one single specific spectrum.
Apart from the inorganic part of the soil which was in a simplified way for a first
approach summed up as three mineral groups, there is the organic part. Also this fraction is
very diverse and difficult to characterize in general. There are different plant materials, parts
of deceased small soil animals, microorganisms and microbial residues in different levels of
decomposition. Mineral bound and partly dissolved organic compounds and coal can be found
too [32]. Besides the natural decomposition processes, before the measurement all samples
had undergone numerous purification steps to decompose and wash away the organic fraction.
The aim was to remove as much organic matter as possible. But there are organic compounds
that are too big to be decomposed within the given time limit (thick parts of a plant). Besides,
some substances are generally difficult to be degraded because of gentle purification being
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necessary in order not to harm the microplastics.
The complexity of soil composition and processes makes it difficult to know what
(organic) compounds of the soil matrix are still left, without experience on soil processes and
detailed knowledge about the purification. Thus, the biology team of the University of
Bayreuth was asked to analyze some of the soil samples and mark familiar spectra that
frequently appeared in the samples. Furthermore, they named the substances that produced
these spectra.

II.1.2 Soil specific spectral descriptors
In the beginning, the inorganic fraction of the soil matrix was targeted. Quartz was the first
inorganic soil component for which spectral descriptors were defined. Two reasons justified
that decision. Quartz is present in (almost) every soil and its spectrum is explicit and has
specific bands (a doubled trident). An example of a quartz spectrum taken from a soil sample
is shown in Figure 18 (black line). The red line underneath represents a quartz spectrum from
a database.

Figure 18: Quartz spectrum (black: soil sample; red: from Epina database)

Quartz could perfectly be described using TC (Triangle Correlation) and IGF (Intensity Grid
Filter) spectral descriptors. An example
of each of the descriptor types used to
describe the quartz spectrum can be seen
in the following Figure 19 and Figure 20.

Figure 19: TC descriptor for quartz

The functionality of the TC
descriptor is explained in Part I – I.2.2.
Spectral descriptors. For quartz six
different TC descriptors were defined,
each for every characteristic peak of
quartz. An example is given in Figure 19.
23

The other chosen type of spectral descriptor was the IGF descriptor. These spectral
descriptors are highly selective for specific patterns in spectra. At first, a spectrum of the
desired chemical compound is chosen. Based on that spectrum a spectral template is defined
to cover a characteristic spectral region. The descriptor then checks the correlation between
the template and the same spectral region of an analyzed pixel. For quartz two IGF descriptors
were defined with wavelength limits from 2050 to 1750 cm-1 and 1740 to 1470 cm-1. Figure
20 shows one of them. During research it
was discovered that the results are better
when each triplet peak is described with
its own IGF. A combination of IGF
descriptors gave misleading results.
After quartz, feldspar and mica
were targeted. To describe the large
variety of the inorganic soil composition,
at first, the most widespread types of
feldspar and mica were used to define
Figure 20: IGF descriptor for quartz
spectral descriptors. Spectra of these
compounds are shown in the following Figure 21. The soil samples were measured from 3600
to 1250 cm-1 (see Part I – I.1.3 Measurement). The feldspar and mica spectra have no peaks
in the measured spectral region apart from one small muscovite peak at the edge of the
spectrum (at 3600 cm-1).
These minerals do not interfere with other particles on the same pixel, if they do not
completely cover the particles. Pixels with these minerals only are identified as background
only pixels and excluded before the classification process when a background mask is used.
This mask identifies substrate only pixels and is applied to reduce the amount of data. As a
result the classification process is less time consuming. Without a background mask, the
feldspar and mica spectra are assigned to class 21 (substrate). Chemically that decision is
wrong, but for this project it is sufficient as the focus is on the search for microplastic
particles. To sum it up, for feldspar and mica no spectral descriptors need to and could be
defined.
Concerning the organic fraction, at first, it was impossible to select specific
compounds because of the variety of possible natural compounds. Additionally, the
purification process led to changes in their chemical structure. Therefore, as already
mentioned, the biology team of Bayreuth which did the sampling, purification and
measurement was asked to mark some compounds that commonly appeared in the soil
samples. They used the soil samples s1 and s3 (see Appendix for more information). One
example spectrum of each marked compound group is shown in Figure 22.
In soil sample s1 eight different pixels were identified as plant material (4), coal (2)
and pollen (2). In sample s3 fourteen pixels were marked which were plant material (4),
organic residues (2), pollen (3), “coal” (4) and something characterized as undefinable (1).
This spectrum often appeared in the soil samples and was later identified as half burned
organic residues. In the picture a black particle like coal can be seen.
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The spectrum shows a similar pattern to the organic residues but is “noisier” resembling the
coal spectrum (Figure 22 lowest left).

Figure 21: Common feldspars and mica

Figure 22: Pixels & associated spectra marked and assigned to group of compounds (biology team Bayreuth)

The coal spectrum (Figure 22 upper right) does not have any specific bands or peaks that are
to be described by spectral descriptors. The pattern resembles spectra showing only noise but
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with high intensities. The classifier does not assign such spectra to any plastic class (1 to 20).
The other natural compounds or residues have similar bands. There are stretching
vibrations from O-H and N-H bonds from around 3600 to 3100 cm-1. In the same region also
hydrogen bonds appear. These wavenumbers are covered with a very broad band consisting of
different vibrations. This can especially be seen at the organic residues, the undefinable
spectrum and the pollen (Figure 22). The plant material’s spectrum has a double peak around
2900 cm-1. That peak is also present in all other marked spectra (except for coal). In this
region C-H stretching bonds are visible. The peaks at lower wavenumbers around 1700 cm-1
are in the double bond region. They represent C=O stretching vibrations that appear e.g. in
peptide bonds (amide). No examination was done at wavenumbers lower than 1500 cm-1. This
marks the beginning of the fingerprint region which is individual to every specific type of
molecule. The aluminum oxide substrate has peaks in this region that can overlap possible
sample peaks. Therefore the fingerprint region was not measured.
It was difficult to give exact intensities, intensity distributions or wavenumbers to
define spectral descriptors based on that information. One certain compound gives one
specific spectrum. In theory, already within one sample it seemed that there were many
different compounds and spectra. Furthermore, as it was mentioned in Part I – I.1.2
Purification, all samples had been purified. That would have resulted in different compounds
in different stages of decomposition in every sample. But surprisingly when scrolling through
the soil samples and comparing them to the organic compounds marked by the biology team
of Bayreuth, to a greater or lesser extent all soil matrix spectra seemed to be very similar to
each other (with some exceptions). The theoretical assumption was refuted by the observation.
The purification process had degraded almost all soil matrix compounds and only some
specific bonds were left.
That led to the question if after the purification also the same chemical structural
groups and resulting spectral bands could be discovered in the water samples. At first, the
matrix spectra from the water samples were only visually compared to the soil matrix spectra.
Up to this point, they were assumed to be different because of the different biota in water and
soil. But within this comparison, visually they seemed to be very similar.
To sum up the visual comparison, quartz was also found in the water matrix. Feldspars
and mica did not have to be considered because they did not have any bands in the measured
spectral region that would interfere with other compounds. Concerning the organic fraction,
the marked compounds’ spectra were used as example models. Visually, the organic water
matrix spectra were like them. Spectral bands of typical functional groups of organic
compounds, e.g. the vibration of the O-H-group, were discovered in the IR results of both
water and soil matrix. Because of the purification process it the remaining organic compounds
might have been very much the same in both sample types. These first results raised the
question of the matrix in water and soil being similar enough that both sample types could be
processed with the same classifier, the already existing water classifier. Then no separate
classifier for soil needed to be designed but the water classifier could probably be improved
by incorporating the new knowledge about the matrix background. The optimized classifier
would then be used for both sample types.
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Before further tests were made, the true data for soil was collected and labeled. The process is
described in the next chapter. Later, this true data was used to test the classifier (see Part II –
II.3.3 Applying the water classifier on the soil samples). Before the classifier validation, the
matrix comparison of both sample types was statistically analyzed (see
Part II – II.2 Distinguishing between soil and water matrix).

II.1.3 The true data for water and soil
Before the soil and water matrix was compared the true data for soil was chosen. To train or
test any classifier it is necessary to have this data. The soil classifier’s spectra for all plastic
particles (class 1 to 20) were taken from the water classifier’s true data. Each plastic type has
one specific spectrum. It only changes slightly because of the proportions of components or
additives. Still, spectra from a database could not be used. Although, plastic particles were not
chemically degraded by the purification process, their real spectra differed from neat database
spectra which were measured under perfect laboratory conditions. Many of the microplastic
spectra were taken from the samples. There the particles had different sizes, origins and stages
of decomposition through environmental influences and some were covered by matrix. Also,
the influence of the measurement conditions was automatically integrated through the
collection of sample spectra. Besides, spectra were taken from samples that had additionally
been prepared and measured to depict certain expected states e.g. very slim or very thick
particles.
There needed to be many spectra per class to provide the classifier with a broad variety
of spectra and, thus, information. Concerning the soil samples that microplastic spectra
collection was adopted and only supplemented when plastic spectra were conspicuous for
various reasons. The collection included spectra with high intensities and some with low
intensities. There were different intensity distributions too. To give one example, when plastic
particles were particularly thick, their spectra changed. This phenomenon is called total
absorption, leads to huge changes in the intensity distribution and complicates the definition
of a band’s main peak. Such spectra have many high peaks but are missing the main peak tip
(Figure 23) [18]. Phenomena like
spectral changes due to the thickness of
a particle had to be considered and
implemented. That ensured that the
classifier could deal with it.

Figure 23: One example for total absorption of PE (black:
sample, red: Epina database)

The number of spectra that was
necessary for good classification was
determined at approximately 200
spectra per plastic class. That resulted in
4000 spectra for all microplastics. In the
process of research, the plastic
fraction’s true data had been optimized
whenever the classifier’s test result or
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application had pointed out a problem.
The water classifier, besides the 4000 plastic spectra, was given 200 substrate spectra
(aluminum oxide, class 21) and approximately 1000 to 1500 water matrix spectra (class 22).
Its true data therefore consisted of 5000 to 6000 spectra.
For the soil samples, the microplastic fraction (class 1 to 20) was already assigned.
200 substrate spectra and approximately 900 spectra for the soil matrix were collected. They
were manually picked by scanning through all soil samples. Approximately 15 substrate
spectra were labeled in each soil sample. Because the samples varied in their amount and
diversity of matrix, different numbers of matrix spectra were labeled per sample. The numbers
ranged from approximately 40 to 100 spectra per sample. At first, spectra of the already
known natural compounds were collected. These included quartz, muscovite, pollen, plant
material, organic residues and coal, which were previously hinted to by the biology team of
the University of Bayreuth. Different intensity magnitudes and distributions were selected.
Then also other matrix spectra (e.g. from large remaining plant parts) were collected.
The final true data of soil for all 22 classes consisted of approximately 5100 spectra of
which approximately 900 spectra represented the soil matrix. These spectra were put together
in a so called classmap. A classmap is a collection of pixels that are sorted e.g. according to
their classes.

II.2 Distinguishing between soil and water matrix
After the attempted definition of spectral descriptors for soil and the resulting visual
comparison of water and soil samples an idea for an appropriate matrix comparison was
developed. This chapter describes the process and outcome of the matrix comparison of water
and soil samples. In order not to do this comparison manually a script was written. Finally,
Pearson Correlation Coefficient tables and scatter plots were used to present the results in
numbers and graphically.

II.2.1 The script
The aim was to compare only the matrix of the samples. Comparing the entire samples would
not have been useful because the amount of substrate and the type and amount of
microplastics in the sample would have strongly influenced the outcome.
At first, to make a comparison possible the matrix pixel were extracted from the
samples. A script was written to do that automatically. In ImageLab scripts are short programs
that are created to inter alia combine different individual software tools in one process.
ImageLab already offers many processing tools as standard equipment. But to solve
individual problems usually scripts are written and used as they can be designed to meet the
exact individual requirements. It is also possible to click through the different processes
manually. But using a script is much faster and more convenient.
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The matrix pixel extraction script was run through all water and soil samples. It processed
each sample individually going through four steps. At first, the script put a background mask
on the sample. That mask hid particles that only showed aluminum oxide foil (class 21,
substrate). Aluminum oxide had no peaks in the measured wavenumber region because after
the measurement the background was subtracted from all spectra of a sample. The
background mask function identified those pixels that showed only noise patterns but no
bands. If pixels showed particles that did not have any peaks in that region these pixels were
hidden too. This happened with (most) feldspar and mica particles. The background mask was
added to exclude pixels with no information to reduce the amount of data. Simultaneously the
time needed for further calculations was reduced.
In a second step the Random Forest Classifier for water samples was run through the
remaining pixels of a sample. That was necessary to hide all particles with plastic spectra
(classes 1 to 20). Here only distinct decisions for a certain plastic class were accepted. These
particles were excluded from further calculations. Pixels where the threshold for a distinct
decision was not reached were included in the further processing. This was done because if
the water classifier had difficulties to correctly assign the soil matrix, that would be visible in
indistinct classifier decisions. These pixels needed to be included in the comparison.
After this second step only pixels with matrix spectra were left. These pixels were
randomly separated into four subsets in a third step. The fourth step was the generation of an
average spectrum of each subset. The individual steps of the script are again shown in
Figure 24. The results were given as ASC files which were opened and processed using
DataLab. The program showed the average intensity at each wavenumber in the measured
region for each of the four subsets.

Figure 24: Four steps of matrix comparison script

In DataLab further processing was done to enable a reliable matrix comparison. These next
steps could have also been included in the script. Still, they were not included because the
decision was made to keep all data and have the freedom to manually make cuts depending on
which part of the spectrum was interesting at a certain point of data evaluation. Compared to
the amount of data before the script’s fourth step, afterward there was only very little data. To
keep the complete average spectrum of each sample instead of just parts had almost no
influence on memory capacity, processing power and time. Additionally, in general, the
freedom to work with whatever part of the spectrum is a huge benefit.
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But before the data reduction process is explained, some of the DataLab features need to be
explained. DataLab already offered some bivariate statistics. No script needed to be written to
compare the data. The aim was to find some clear similarity or difference between the
averaged spectra of the matrix of different samples. Scatter plots were used to get visual
impressions of the comparison results. Secondly, Pearson’s Correlation Coefficient was used.
This correlation analysis produced value measures for the strength of a correlation between
two spectra.
To be specific Pearson’s Correlation Coefficient
provided a value for the linear relation of the averaged matrix
spectra of two samples. An example for a linear relation of two
variables (X1 and X2) is given in Figure 25. Pearson’s
Correlation Coefficient can only be used for measured values
and both samples need to at least be interval scaled [33]. It
takes on values between 0.000 and ±1.000. No correlation
between two samples is given at a value of 0.000 and complete
positive (or negative) correlation at a value of ±1.000. The
closer Pearson’s Correlation Coefficient is to 1.000, the more
correlated are two samples [33].

Figure 25: Data points with a linear
relation

Scatter plots visually show the relation between two samples. If two samples are
completely linearly correlated, all points lay on the 45° diagonal. If they form a curve with a
negative slope, the samples are negatively correlated. Scatter plots had two advantages
besides their already mentioned purpose. On one hand, when intensity was plotted against the
wavenumbers (see Figure 28), the average spectrum was visible. On the other hand, in the
plots data could be marked. Using this tool, it was possible to examine which wavenumbers’
intensities disturbed a good linear correlation (see Figure 27).
At the beginning of this section the setting of the threshold seemed to be the most
difficult part. Which Pearson’s Correlation Coefficient value would indicate whether two
spectra, thus two water and/or soil matrices, were similar enough to use the same classifier for
those samples? The scatter plots raised the same question regarding which curve was similar
enough to the 45° diagonal. Initially the answer to this question was postponed. The matrix
comparison data was processed as it was announced on the previous page.
For the first comparison all wavenumbers from 3600 to 1250 cm-1 were included.
Those were 609 wavenumbers per sample. Examining the scatter plots, immediately it was
noticed that there was a huge difference of all samples in the wavenumber region between
2390 and 2240 cm-1. This is the area where carbon dioxide has strong bands. The carbon
dioxide signal did not originate from the samples themselves but from the measurement. In
general, the measurement is performed under an inert atmosphere. But when the measurement
device is opened during the measurement air floats in. Air contains about 400 ppm (0.04 %)
CO2. CO2 has a strong absorbance. Already small amounts of CO2 form huge bands. Usually
changes in that region can already be seen, when during the measurement the laboratory door
had been opened, even if the equipment was closed. The measurement device scanned
through the pixels one after the other. Because of the easy interference, the carbon dioxide
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peak in one measured sample already varied. And it strongly varied between different samples.
Furthermore, in some samples the course of the curve within these intensities was artificially
straightened (see spectrum Figure 26 right). For the comparison this wavenumber region was
cut out because it would have shown differences in samples that were independent of real
matrix differences. The negative peak in sample s14 (Figure 26 left) was generated by the
background subtraction after the measurement. The chosen background had a more intensive
CO2 band than the original spectrum of the pixel shown in this figure.

Figure 26: Differences of the CO2 region of samples s14 (left) and s18 (right, artificially straightened)

Another part that was eliminated from the
comparison was the region close to the
fingerprint area. All intensities at
wavenumbers lower than 1500 cm-1 were
excluded from the comparison. This
decision
was
made
because
the
wavenumbers close to the fingerprint region
were not used for the classification. No
spectral descriptors were specified from
1500 to 1250 cm-1. Figure 27 shows scatter
plots of some of the soil samples (s1, s2, s3,
s4, s5) when they still included
wavenumbers close to the fingerprint area.
As already mentioned, the more (linearly) Figure 27: Scatter plots including the fingerprint area
correlated two samples are, the more the
points lay at the position of the 45° diagonal. Data points close to the fingerprint area were
marked in red in Figure 27. In some plots points of these wavenumbers fit the 45° diagonal
very well (e.g. s2 and s4). In other plots the red points have a strong deviation from the
diagonal (e.g. s1 and s2). This is because this region is strongly influenced by a sample’s
exact composition. Every compound has its pattern. Additionally, the aluminum oxide biases
this region (see Figure 5). Information from there is not reliable, especially due to the average
spectra. When there are more compounds these bands tend to overlap and information gets
lost.
31

For the final comparison tests the CO2 region and the wavenumbers which were close to the
fingerprint region were removed. Only intensities at 503 (from the originally 609) different
wavenumbers per sample remained in the examination.

II.2.2 Comparison results
At first, only soil samples were compared to each other. In the second step they were
compared to the water samples. For each sample one of the four subsets was chosen to be
used in the comparison.
A full list of all samples and some information about them is given in the Appendix. In
general, soil samples are marked with an “s” before the number and water samples are marked
with a “w” before the number. The sample list is helpful to understand why some samples
were compared to each other in the following paragraphs.
In the beginning the samples that had a joint sampling, purification and measurement
process were compared to each other. The reason was to check whether the script worked and
gave reproducible results. What could immediately be seen is that s1 & s9, s3 & s8 and s11 &
s15 were highly correlated as pairs with correlation coefficients from 0.9999 to 1.000
(Table 3). That corresponded to the expected outcome because each of these sample pairs was
built of two identical samples3. The 1.000 value was not always reached because the script
randomly chose spectra from the samples before averaging. Comparing the four subsets of
one sample with each other gave similar values. These results assured that the script
performed satisfactorily
Table 3: Pearson’s Correlation Coefficient of samples with joint sampling, purification & measurement

s1
s9

1.000

s3
s8

1.000

s11
s15

0.999

In a second step samples that had joined the sampling and purification process were compared
to each other. After purification the original sample still had such a large sample volume that
it had been divided into two (s1 and s3) or four (s11, s16, s17 and s18) parts, put on separate
aluminum oxide filters and measured separately. These samples gave unexpected results as
their correlation values were very low. Some even had negative correlation values (Table 4).

3

Annotation: Towards the end of the research it was discovered that these samples were identical. They were e.g.
handed over at different times. Therefore all three sample pairs were compared instead of one to examine the
scripts performance.
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Table 4: Pearson’s Correlation Coefficient of samples with joint sampling & measurement

s3
s1

0.7010

s11

s16

s17

s16

-0.7092

-

-

s17

0.0960

-0.6661

-

s18

-0.8630

0.8987

-0.4192

Only correlation values around 0.7 were reached by samples s1 and s3 which were sampled at
the exact same location and purified together. One explanation for this relatively low value
was the last purification step before the measurement. The sample was in a separation funnel
before being washed on the aluminum oxide filters. Possibly, bigger particles were washed
out in the first washing cycle. Smaller particles, with an assumingly other chemical
composition, could have been stuck in the funnel until the second washing cycle. They would
have accumulated on the second filter. The same could have happened with the other sample
which had to be divided into four parts.
That first assumption was replaced when the real reason for the relatively low
correlation values of the samples s1 and s3 was discovered: Figure 28 (left) shows the linear
relation of the spectra through their scatter plots and the samples’ average spectra [cm-1] 4. In
both samples’ average spectra there are bands at the same wavenumbers but the baseline in
between is different. One is quite planar whereas the other has a gradient. That is what caused
the deviation. Usually spectral descriptors are created with a baseline subtraction included.
The samples were highly likely to be successfully processed by the same classifier although
the correlation was not as high as expected. Also, if already samples with joint sampling and
purification needed different classifiers, the classifier would neither work for any other
sample. That led to the assumption that samples with a correlation of more than 0.7 could be
processed using the same classifier model.
The correlation values of s11, s16, s17 and s18 were even more surprising. The scatter
plots are shown in Figure 28 (right). Some of the graphs are very chaotic instead of showing
the 45° diagonals which would represent completely linearly correlated samples. One
deviating region is marked in green in Figure 28. Typically, at wavenumbers from about 3000
to 3600 cm-1 soil matrix spectra have a broad band (O-H and N-H vibrations). Sample s11 had
an inverted peak which led to its negative correlation with the samples s16 and s18 which
both had the expected high intensities at these wavenumbers. At first that phenomenon could
not be explained. But in all probability a classifier would not be able to perfectly deal with
such differences.

4

Actually, these are not complete average spectra because two wavenumber regions had been cut out and they
are only presented from 1500 to 3600 cm-1. All other spectra in this thesis are presented the other way around.
Apart from these two restrictions they show the complete spectral information. In this chapter, still, for the sake
of simplicity, the term “spectra” was used.
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Figure 28: Scatter plots - s1 & s3 (left) and s11 & s16 & s17 & s18 (right)

In the next step the samples with a joint sampling location, but separate purification and
measurement were compared to each other.
Table 5: Pearson’s Correlation Coefficient of samples with joint sampling location

s4
s6
s14

s2
0.9843
0.9874
-0.5889

s4
0.9927
-0.6737

s6
-0.6138

s7

s5
0.9315

s12
s13

s10
0.9955
0.9611

s12
0.9435

Samples s2, s4 and s6 were sampled at the exact same location. Sample s14 was also
considered as it was taken in the same area, but not at the exact same location. Table 5 shows
that the samples s2, s4 and s6 are highly (linearly) correlated. In Figure 29 (left) the scatter
plots are shown. The last column of the left graphic again gives the spectra (from 1500 to
3600 cm-1). There were no peaks except for the one in the O-H and N-H stretching vibrations’
region. The samples were well purified. Sample s14 did not fit those findings because high
intensities occurred at the low wavenumbers of the spectrum (around 1500 cm-1). The scatter
plots and Pearson’s Correlation Coefficient indicated that the closeness of the sampling region
did not have a positive effect on the correlation values, unless two samples were from the
exact same location. In general, the correlation of a spectrum with an almost only baseline
spectrum (e.g. s4) will always produce low values, even if the spectrum has hardly any bands
(e.g. s14).
The samples s5 and s7 were of special interest because they were compost samples.
All other soil samples were taken from agriculturally used fields, but these two samples were
taken directly from a bio-composting plant. As can be seen in Table 5 they were highly
correlated to each other. In Figure 29 (right) the scatter plots including the spectra are shown.
There is a broad band in the O-H and N-H stretching vibrations’ region. Besides, there is a
peak at low wavenumbers (around 1700 cm-1).
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Figure 29: Scatter plots - s2 & s4 & s6 & s14 (left) and s5 & s7 (right)

The compost samples’ correlation to other soil samples was relatively high (see the overview
in Table 7). Based on that small sample it was assumed that after purification the matrix of
soil samples from fields and the one from organic waste were very similar in general. The
compost samples were more strongly correlated to the field samples than some of the field
samples were to each other (e.g. the two field samples s1 and s3 which originated from the
same location). There were only three (four5) samples that had negative correlation values
with the compost samples (s11/s15, s14 and s17). But they strictly had a negative correlation
with all other soil samples, except for the correlation between each other. These samples are
later discussed in detail.
Samples s10 and s12 were
taken at the exact same location but in
different depths. Sample s13 was from
a different location, but in cases s12
and s13 only the soil’s top layer was
taken. They were also compared to
each other. The aim was to get an
impression regarding the influence of
sampling depth on the sample
composition. The correlation value of
samples s10 and s12 in Table 5
suggests that the depth of sampling Figure 30: Scatter plots - s10 & s12 & s13
(within 0 to 20 cm depth) did not have
an effect on the matrix composition after purification. The average spectra of the samples’
matrix were very similar. Only the intensities of the O-H/N-H region and the bands around
1500 to 1700 cm-1 differed slightly (Figure 30). Usually, in IR already small differences have
a huge impact on the outcome. In that case, the only question was whether those samples
could be classified by the same classifier. Furthermore, compared to the variety of possible
natural compounds in the soil before purification, such differences hardly mattered.
5

The samples s11 and s15 represent the same sample.
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After all soil samples had been compared to each other, the three conspicuous samples (s11,
s14 and s17) were reexamined. The scatter plots of these samples that had negative
correlations with all other soil samples
are again shown in Figure 31. The
information about those samples was
rechecked. During the reexamination
of the creation process of the spectra
one reason for these unusual spectra
was discovered: After a sample’s
measurement the background had
been subtracted. The background was
a blank aluminum oxide filter (see
Part I – I.1.3 Measurement). To
subtract
the
background
one
Figure 31: Scatter plots –-s11 & s14 & s17
spectrum of the sample which
showed only substrate (aluminum oxide) was chosen and subtracted from all other spectra of
that sample. When discussing sample s11 with the measuring team, they admitted that
possibly, the chosen spectrum for the background subtraction had not been a blank substrate
spectrum (= background). There seems to be some contamination from natural compounds on
the chosen “background” spectrum. That explained the inverted band from 3000 to 3600 cm-1.
If the chosen background spectrum had high intensities in that area, after subtraction all other
spectra in this sample would have low or negative intensities in that wavenumber region.
Hence, that resulted in negative correlation values of samples s11 with all other (normal) soil
samples. The same mistake could have also happened at the two other unusual samples (s14
and s17). Contaminated substrate spectra could have been chosen for the background
subtraction too.
Concerning sample s17 also another reason for the unusual average spectrum seemed
possible. The filter of this sample had hardly any loading compared to all other soil samples.
There were very few pixels with matrix on them (see Appendix). If there are only a few
spectra, the average spectrum is strongly influenced by these few compounds and the pattern
is noisier.
Table 6 shows the correlation coefficients of the unusual spectra samples with each
other. They had very low to no correlation. But (linear) correlation had not been expected.
Assuming a contaminated substrate spectrum had been chosen for the background subtraction,
the choice of that spectrum had strongly influenced the average matrix spectrum. If the
contamination of the chosen background spectra of those three samples had been very
different, also the average matrix spectra are different and possibly highly uncorrelated.
Table 6: Pearson’s Correlation Coefficient of samples with unusual spectra

s14
s17
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s11
0.3153
0.0960

s14
0.2407

In Table 7 the Pearson Correlation Coefficient for all samples is shown. This table can also be
seen on a larger scale in the Appendix (including the water samples). The red numbers show
correlation values greater than 0.7, the blue ones those less than −0.7. Except for the
problematic samples s11, s14 and s17, almost all samples had correlations within the 0.7
range with each other. In Table 7 the identical samples (s8, s9, s15) were left out because they
did not provide additional information.

Table 7: Pearson’s Correlation Coefficient of all soil samples (s8 & s9 & s15 left out)

In a final step the soil samples were compared to the water samples6. In a first simplified
approach the 0.7 correlation was taken as threshold. The question was whether the water
samples also gave correlation results of more than 0.7 with the soil samples. The results of
Pearson’s Correlation Coefficients are shown in Table 8 (again larger scale in the Appendix).
The red numbers give correlations of more than 0.7 and the blue ones those of less than −0.7.
Many values were above 0.7. Some were even above 0.95. Sample s1 mainly had low
correlation values but it also differed from the other soil samples. Overall, comparing Table 7
and Table 8, the soil and water matrix are related. Because of the purification processes which
had degraded many organic compounds, the remaining matrix was very similar due to the
matrix comparison test. It was assumed that no separate classifier for soil was needed.
Still, some remarks had to be made. Also, two of the water samples (w7 and w8) had
negative correlations with all soil samples except for the (two or three) unusual spectra soil
samples (see Table 8). Sample w7 and w8 were especially highly correlated to soil sample s11,
where the contaminated substrate spectrum had been used for the background subtraction. In
the following paragraph the two water samples were separately compared to that unusual
spectrum sample of soil.

6

Sample w1 was omitted because it had been measured in the wrong spectral region and sample w5 only
represented individual plastic threads and no complete sample. It was omitted too.
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Table 8: Pearson’s Correlation Coefficient of soil and water samples
1

Table 9: Pearson’s Correlation Coefficient of unusual samples

s11

w7

w7

0.9382

-

w8

0.9625

0.9231

Table 9 shows the very high correlation values of w7 and w8 with soil sample s11. Figure 32
gives the scatter plots. The spectra of those three samples were very similar. All of them had
an inverted band from 3000 to 3600 cm-1. The background subtraction of w7 and w8 seemed
to have been carried out with a contaminated substrate spectrum too. Thus, this is not a onetime occurring problem and as already mentioned in all probability, classifiers would have
difficulties with such spectra.
To sum it up, Table 10 again
shows
Pearson’s
Correlation
Coefficients between all soil and
water samples, except for the samples
with unusual spectra (w7, w8, s11,
s14, s17). Those results show that the
remaining matrix of soil and water
samples was as correlated as the one
of soil samples among themselves.
Most differences were in the baseline
and at the peak intensities. The Figure 32: Scatter plots - s11 & w7 & w8
Random Forest Classifier was
expected to overcome such differences. Under the aspect that the number of examined
samples was small, the matrix comparison concluded that only one classifier for those types
of water and soil samples was needed.
Another discovery was made through this comparison. Both, soil and water samples,
had samples with unusual average matrix spectra. The focus was especially set on samples
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s11, w7 and w8. For those samples contaminated substrate spectra had been used to subtract
the aluminum oxide background from all spectra in a sample.
In the beginning, the most difficult task was expected to be the definition of a specific
correlation coefficient beneath which matrixes were not similar enough to be classified using
the same classifier. But instead another question had arisen during the comparison: How well
could the Random Forest Classifiers handle samples with false background subtraction?
The matrix comparison also showed how important it is in data processing to know all
details about the samples and the data acquisition and pre-processing. A good communication
system saves time and prevents many difficulties and, at first, inexplicable phenomena.

Table 10: Pearson’s Correlation Coefficient of soil and water samples (without unusual samples)

Based on the findings, in the next chapter the Random Forest Classifier for water samples was
applied to two samples with unusual average matrix spectra and on the true data’s matrix class
of the soil samples. It was examined if samples with different background subtraction posed
problems to the classifier. Secondly, the aim was to empirically verify the results of the matrix
comparison in relation to the water classifier being able to properly classify soil samples.

II.3 Applying the water classifier
This chapter gives a summary of the results when the water classifier was used for the
classification of different samples and sample collections. At first, the water classifier is
explained. In the second part, it was applied to the unusual average matrix spectra. For this
test two samples, one for soil (s11) and one for water (w7), were chosen. Those samples were
also modified and the effects on the classifier decisions are described. Finally, the classifier
was applied to the matrix class of the soil samples’ true data to examine its performance.

39

II.3.1 The Random Forest water classifier
The water classifier’s true data for training and testing was already briefly described in
Part II – II.1.3 The true data for water and soil. It consisted of about 5000 to 6000 spectra.
There were about 1000 to 1500 matrix spectra and about 200 substrate spectra that were taken
from different surface water samples. The spectra for the microplastic particles were partly
taken from the water samples and partly from samples that were additionally manufactured
and measured. There were about 200 spectra chosen per plastic class. Summed up there were
about 4000 plastic spectra that were taken from previous work (e.g. used in [24]).
129 spectral descriptors were defined. Some were specifically designed to scan spectra
for certain peaks. Others were targeting general aspects of the spectra. The already mentioned
TC and IGF descriptors were implemented besides other descriptors which turned out to be
helpful in the analysis. During the research of the thesis there was a group challenge in which
every working group member participated to find the best set of spectral descriptors. The final
set of spectral descriptors was based on those findings. Variable Importance was applied to
determine the most important variables resulting in the set of 129 spectral descriptors.
Random Forest Classification was used to create the water classifier. 75 trees were
chosen. The R value was set at 0.5. That value gives the percentage (50%) of the training set
used to build the individual trees. Also a background pixel mask tool was included. As
already mentioned a background mask identifies pixels that belong to the background
(aluminum oxide filter) and excludes them from the calculation. Its advantage is the strong
reduction of time consumed for the classification. Furthermore, some post-processing was
added to examine the results after classification. Two values are especially important to assess
the classifier model’s exact results for each pixel: Maximum Response and Purity. The
Maximum Response gives information about the class that was voted for the most. Its value is
between 0.00 (weak decision, no votes for this class) and 1.00 (very strong decision). The
Purity is calculated from all votes for all classes instead of only those of the most represented
class. The higher the results for different classes are and the more classes are voted for, the
worse is the Purity. This measure is also defined in the range between 0.00 (absolutely unsafe
decision) and 1.00 (completely distinct decision). The next chapter uses the values of
Maximum Response and Purity to compare classification results.

II.3.2 Applying the water classifier on the unusual spectra samples
When comparing the matrix of different soil samples an inconstancy of the samples was
found. Inaccuracy in the choice of the substrate spectrum for the background subtraction led
to unusual matrix spectra with an inverted peak in the wavenumber region from about 3000 to
3600 cm-1 where usually O-H and N-H stretching vibrations occur. That happened similarly
with two water samples (w7 and w8). There was a possibility that soil samples s14 and s17
fell in that category too.
Because those samples all had unusual average spectra of their matrix, they differed
from the other “normal” samples. The water classifier had mostly been trained and tested on
the normal water samples plus specifically prepared and measured plastic only samples. Some
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spectra of the unusual water samples could be found in its true data but to a very small extent.
In Part I – I.2.1 True data it is said that a classifier only knows what it was told. The unusual
spectra were something it hardly knew. Additionally, in those samples, natural compounds,
that usually had bands in the wavenumber region around 3000 to 3600 cm-1, only had a flat
baseline or an inverted peak in that area. They contradicted a clear identifying feature for the
matrix class. It was possible that the water classifier would not identify those spectra correctly
because that specific spectral feature was missing. That begged the question of whether, in
general, the water classifier could appropriately classify such unusual spectra samples. At first
the soil sample s11 was examined and later the classifier was applied to water sample w7.

II.3.2.1 Soil sample s11 and its modification

The approach was to run the classifier over two different versions of soil sample s11. At first,
sample s11 which was taken as it had been transmitted by the University of Bayreuth was
classified. Then the classifier was applied to a modified version of sample s11.
That modified version of sample s11 was created in three steps. In the beginning,
substrate spectra from the original data were collected. They were chosen randomly around
the sample. The spectra of these samples were then averaged in a second step. Finally, the
intensities of that averaged spectrum were subtracted from the intensities of the spectra of all
pixels. Therefore, every layer (=wavenumber) was processed after the other as given in the
following formula.
𝑜𝑟𝑖𝑔

𝐿𝑚𝑜𝑑
= 𝐿𝑖
𝑖

𝑎𝑣𝑒𝑟𝑎𝑔𝑒

- 𝐼𝑖

𝐿𝑚𝑜𝑑
... pixel matrix (x/y) of intensities at layer i (=wavenumber i) of the modified sample
𝑖
𝑜𝑟𝑖𝑔
𝐿𝑖 ... pixel matrix (x/y) of intensities at layer i (=wavenumber i) of the original sample
𝑎𝑣𝑒𝑟𝑎𝑔𝑒
𝐼𝑖
... intensity of the averaged substrate spectrum at layer i (=wavenumber i)
i ... running index from 1 to 609

The idea of this modification was to compensate for the deepening at wavenumbers 3000 to
3600 cm-1 and other errors that occurred because of the unusual subtraction. The sample
should then resemble the data set that would have been transmitted if it had been processed
with the correct substrate subtraction.
After the modification the matrix comparison script (see Part II – II.2.1 The script)
was applied to the modified version of s11 to examine the correlation between the new and
the other soil samples. Pearson’s Correlation Coefficient was calculated. Table 11 shows the
linear correlation results of the soil samples including the modified version of sample s11
(s11_mod). The correlation of s11 modified with all soil samples (except for the unusual
samples s11, s14 and s17) was positive. In the table all correlation values above 0.7 are
marked in red. Those with less than −0.7 correlation are marked in blue. With some samples
s11_mod even reached correlation values of more than 0.7. Furthermore, it had negative
correlation values with the unusual average spectra samples.
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Table 11: Pearson’s Correlation Coefficient (including s11 modified)

In Figure 33 the scatter plots of s7, s10,
s11
and
s11_mod
and
the
wavenumbers are shown. The samples
s7 and s10 were chosen at random to
have two “normal” soil samples for the
comparison. The last column shows
the samples’ spectra (from 1500 to
3600 cm-1). The unusual part of the
spectrum of s11 and the corresponding
data of the other samples were marked
in green. The spectra clearly show that
the average matrix spectrum of Figure 33: Scatter plots of sample s11 modified with other soil
samples
s11_mod has a band in the
wavenumber region from 3000 to 3600
cm-1. Also visually, the spectrum was more like the spectra of the ordinary soil samples. The
scatter plots also show that s11_mod had a better correlation to the samples. In general, after
sample s11 had been modified, its average spectrum very much resembled the average matrix
spectra of the other soil samples. The exact course of the curve of sample s11 modified
depended on what substrate spectra had been chosen for the background correction. Besides,
the modified spectrum was noisy. That was because some randomly chosen substrate spectra
had been used to produce a reasonably “normal” spectrum. That approach was a tool to get an
impression. It was not a perfect solution for the background correction. Nevertheless, it could
clearly be shown that the spectrum of s11 modified was correlated to the other soil samples.
Given that fact it was expected that the water classifier could assign spectra of s11_mod with
fewer difficulties than those of s11.
The classifier model’s ability to make distinct decisions was examined in the next step.
At first, the sample with the original dataset was classified and the results were checked. Then
the modified sample was classified. In both classifications the background mask tool was used,
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therefore only the remaining pixels were classified. The background mask had no difficulties
concerning the unusual spectra of the substrate. Both samples had (almost) the same pixels
excluded from the calculation.
At first appearance, some decisions were expected to be difficult for the classifier in
the original samples s11. One of them was the differentiation between Polyethylene (PE, class
7) and soil matrix (class 22). Polyethylene has peaks at around 2900 cm-1, 2850 cm-1 and 1470
cm-1. These peaks result from C-H vibrations. Besides, sometimes, a small peak at around
1720 cm-1 was visible, representing a carbonyl peak. In general, those bands were similar to
the matrix bands which occurred in most of the matrix spectra. The fingerprint regions of PE
and the matrix spectra were different but as already mentioned that area was not used by the
classifier. Besides that similarity, there was one distinctive feature, the large band in the O-H
vibration region which strongly occurred in the matrix spectra (from 3600 to 3000 cm-1). But
in sample s11 exactly that area was disturbed.
The classification results are shown in Figure 34. It shows the One-versus-All map.
The most voted for class is given as a result (Maximum Response). Only when the number of
votes did not reach a certain threshold or when the Purity was below a threshold those pixels
were marked in black. Also, the pixels that the background mask had identified as background
were marked in black. In the water sample comparison, the background mask was omitted to
better distinguish between weak decision and background.
The first impression of the classification results of the original and the modified soil
samples, especially because the scale was very small, was that there were hardly any
differences.
In Figure 34 the green pixels are class 22 (matrix). The differently colored pixels are
plastic particles (e.g. PE is pink, PU is blue). The images of both classification results look
very similar. The classifier model did not have any difficulties with the unusual matrix spectra
(Figure 34 left). Larger plastic particles are identified as the same types of plastic in the
original and the modified sample.
Nevertheless, a detailed examination showed some differences. In general, there are
single pixels that are identified as microplastics by the classifier when only having a noisy
pattern. By random, these patterns resemble the pattern of a microplastic type and mislead the
classifier to make a wrong decision. The original version of sample s11 had some of those
pixels whereas in the modified version many of them were marked in black to display an
indistinct decision. In that sample mainly the following types of plastic were affected: PBT,
PU and EVAc.
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Figure 34: Classification results of soil samples s11 (left) and s11 modified (right) with background mask

One example is given in Figure 35. It shows the same local section of the two samples. In the
original data set, one pixel was falsely assigned to PU (blue). In the modified version that
pixel was correctly declared as matrix (at the cross). Besides, there were fewer black pixels in
s11 modified which in that case marked indistinct decisions in s11. That was noticed in the
entire sample.

Figure 35: Classification results of soil samples s11 (left) and s11 modified (right)

To sum it up, the overall classifier decisions concerning the original and the modified sample
s11 were similar. Large microplastic particles were correctly identified in both samples. In
detail, differences were visible. The modified version had fewer falsely identified single
microplastic particles and the decisions especially those related to matrix pixels were more
distinct. That led to fewer black pixels of uncertainty. Not all decisions became clearer or
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more correct but by far the majority. In general, when examining both classifier results from
an expert’s point of view the results of the modified version were better and more reliable.

II.3.2.2 Water sample w7 and its modification

For the water sample modification sample w7 was randomly chosen. Two adjustments were
changed compared to the soil sample modification. For the subtraction one single pixel
spectrum of the substrate was chosen. Two reasons justified that decision. At first, the aim
was to work with a smoother curve. In the former experiment an averaged spectrum for the
background subtraction was calculated using a few substrate spectra. That averaged spectrum
had a very irregular pattern. Averaging more substrate spectra would have smoothed out the
average spectrum for the subtraction too. But that experiment’s second aim was to use a
spectrum with a deep inverted peak. Therefore, a single spectrum was selected that met that
condition. The change through the subtraction of that chosen spectrum was greater than the
one of the averaged spectra in the former experiment.
The second adjustment was the omission of the background mask to make the
difference between substrate pixels and pixels with indistinct decisions more visible and
examine the classifier’s decisions on the substrate pixels too. In that comparison only
undecided pixels were marked in black. After the subtraction both samples w7 and w7
modified were processed with the water classifier.
The visual classification results are shown in the following Figure 36. There the green
pixels are substrate or matrix. The shade of green is slightly different, the lighter one is
substrate. The microplastic particles are marked in the same colors as before (e.g. PE is pink).

Figure 36: Classification results of water samples w7 (left) and w7 modified (right)

In this comparison (Figure 36) the results of w7 and the modified version were very different.
In the original sample (left) there were many black pixels that represented indistinct decisions.
In the modified version there were far fewer black pixels. The reason for that evident
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difference was the choice of the substrate spectrum for subtraction. Its inverted band was
deeper which as expected lead to more serious spectral changes. Still, the decisions between
microplastic and no microplastic were very much alike in sample w7 and its modification.
Particles that were correctly classified as microplastic in the original sample were also
classified as the same plastic type in the modified version. There were no additional
microplastic particles in the modified sample. But again, fewer single pixels appeared in the
modified version which had wrongly been classified as microplastic when only showing noise
and by chance producing a pattern like a certain plastic type. Those falsely classified single
pixels in the original dataset often were PMMA, PVC, PE and some were PU.
Furthermore, spectra like the one in Figure 37, which represents a matrix spectrum in
the original data set could more correctly be processed by the classifier. In the original dataset
for that pixel no clear decision was made. It was marked in black because there were not
enough votes for the class matrix but some other
signals suggesting substrate, POM, ABS etc.
(Maximum Response 0.453; Purity 0.253). In the
modified spectrum the pixel was correctly assigned to
theclass matrix with only one other option which was
substrate (Maximum Response 0.747; Purity 0.558).
An expert would recognize immediately that
something went wrong with that sample when
examining the spectrum in Figure 37. Especially,
after (s)he analyzed the whole sample, (s)he would
discover that the left spectral part was not useful
whereas the right part clearly hinted towards the
spectrum being a matrix spectrum. That was exactly
Figure 37: Matrix spectrum of water sample
what had happened during research. But as it was
w7
mentioned a classifier does only know what it was
told, and it trusts the data. That is why knowledge about the data and the classification process
is so important.
To sum it up, in that approach the classifier decisions in the modified version were
much more distinct. Again, there were fewer single pixels falsely classified as microplastics,
although some of those wrong decisions were also made in w7 modified. Based on the results
of the comparisons of the classifier decisions in the original and modified dataset it could be
stated that in general microplastic particles which are larger than one or two pixels are
assigned to the same plastic class. The classifier’s mistakes were not as serious as expected
but still, the decisions were more distinct and there were fewer mistakes within single pixels
in the modified samples. It is therefore highly recommended to choose very precisely which
spectrum to use for the background subtraction after the measurement.
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II.3.3 Applying the water classifier on the soil samples
After the unusual spectra samples had been researched, the water classifier was also applied to
a part of the soil samples’ true data. All soil matrix spectra (class 22) from all samples which
had been chosen by an expert were collected and formed into a classmap to test if the
classifier made correct decisions. Before, the matrix comparison had resulted in the very
likely assumption that the water classifier could correctly classify soil samples without
difficulty. The used classmap only included spectra that were assigned to class 22 (matrix),
because the plastic and substrate spectra were the same chemical compounds in both sample
types, water and soil. There would not have been any gain in information if those were tested
by the classifier too.
The results of the soil spectra classmap after being classified by the water classifier are
shown in Figure 38. The sample labels are written beneath the visual results. The green pixels
are pixels that were correctly assigned to the matrix class. Black pixels mark spectra for
which the classifier decision was indistinct. There was either no signal being above the
threshold (low Maximum Response) or there were too many (or more than one high) signal(s)
(low Purity).

Figure 38: Classification results of classmap from all soil samples’ matrix class

Most of the classifier decisions were correct because it assigned almost all spectra to class 22
(matrix). Only one pixel was assigned to the wrong class (see Figure 38 right). It was marked
as class 6, PVC (Maximum Response 0.787; Purity 0.334). Also, the signal for the matrix was
very high, resulting in a low Purity value. That spectrum was very noisy and therefore
resembled a PVC spectrum. It had been collected in sample s16 which was not one of the
unusual spectra samples. The classification result and a section of the sample’s microscopic
picture are shown in Figure 39. Below the pixel spectrum was compared to the spectrum of an
organic residue (red, left) and one of PVC (red, right). From the picture it is visible that the
examined particle is very thick. That had resulted in a noisy spectrum.
37 of the almost 900 matrix spectra were marked in black to indicate an uncertain
decision. Those are about 4 % of the chosen pixel. It was expected that the classifier would
have difficulties with some of the spectra because they had e.g. been taken at the edge of a
particle. For some also the expert had to check the surrounding pixel spectra and the sample’s
picture to be sure in the decision. Others had been chosen because due to the noise their

47

pattern slightly resembled a plastic spectrum. The classifier should be tested on such spectra
(or be trained to make more distinct decisions).

Figure 39: Classifier response to falsely classified pixel (s16), microscopic picture, spectrum (black) with organic
residues (red, left) and PVC (red, right)

In most cases of non-assignable black pixels the Maximum Response for the matrix was not
high enough. Such difficulties are usually already solved by using a background mask that
excludes pixels with generally low intensities and no conspicuous features. A few spectra had
voted for many different (microplastic) classes, but all signals were very low. Only three of
the black pixels (about 0.4 %) showed real difficulties. In their cases the Maximum Response
of the matrix class was below the 0.5 threshold, but they had high(er) signals for a plastic
class (PET, PS or PVC). The threshold for the plastic class was not reached either. Therefore
these pixels were marked in black.
One last examination was made targeting the unusual spectra soil samples (s11, s14,
s17). The classifier’s error rate at those samples was not higher. There was only one mistake
that occurred in sample 16. But those three samples were among the samples that contained
more unclear decisions. Many of their blackly marked spectra did not have any visible O-H
vibrations in the higher wavenumber region. The spectrum in Figure 40 shows a matrix
spectrum of sample s11. The matrix band around 3000 to 3600 cm-1 is missing. That is an
extreme example for spectra which the classifier had difficulties with. That pixel was marked
in black because of the classifier’s indistinct decision (low Maximum Response: 0.293
(matrix); low Purity: 0.208 (PS, ABS)). Indistinct decisions like that can be prevented by
precise background subtractions.
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In general, the outcome of that water classifier test on
selected soil matrix spectra was good. The results of
the matrix comparison (see Part II –
II.2 Distinguishing between soil and water matrix)
were confirmed. The water classifier can successfully
be applied to soil samples.
Only two things must be remembered.
Because of the numerousness of pixels (=spectra) it
might be possible that rare spectra were overlooked.
Even if the abundance of the matrix had already been
severely restricted by the purification process, that
test could not completely depict reality. It is likely
that not every type of spectrum was represented in Figure 40: Matrix spectrum of soil sample
s11
the soil samples’ classmap. Restricting the data, as it
is necessary for such tests due to the time limit,
always involves a loss of information. Still, the data was processed and selected precisely and
carefully to lose as little information as possible and enable reliable results. Additionally,
these results only apply to samples that were processed as described in Part I –I.1 The data.
For this data, given the application requirements, the test model is a good representation of
reality. The water classifier can be applied to the water and soil samples and gives a reliable
output.
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Conclusion
Recently, microplastics were detected even in the human placenta [30]. These findings
confirm that humans come into contact with microplastics from their very beginning, before
they even set foot on earth. As microplastics are obviously everywhere, the ability to measure
them in different environmental samples is important. Said measurements need to be fast and
reliable in the identification of microplastics. In general, in many research studies
microplastics were identified manually. Such analyses are very time consuming. Machine
learning, on the other hand, offers much faster techniques that are more convenient and have
lower error rates.
In this research the use of Random Forest Classification to identify 20 different
microplastics in environmental soil samples was examined. This was done with regard to an
already existing classifier that could be applied to surface water samples.
Part one of this thesis provides background information about the samples, the
resulting data and the process of classification in general. The soil samples were sampled at
different agriculturally used fields in Germany, as well as at a bio-composting plant. The
water samples of the water classifier came from German rivers, lakes and a sewage treatment
plant. All samples were precisely purified. Compared to the water samples, the soil samples
needed more treatment due to the larger amount of matrix. The measurement was done via
FTIR spectroscopy in transmission mode. The results were provided as hyperspectral images
with about 1000 x 1000 pixels per sample (Tensor 27 FTIR spectrometer & Hyperion 3000
FTIR microscope). The spectroscopic measurement region ranged from 3600 to 1250 cm -1
with a spectral resolution of 4 cm-1. Therefore each pixel represented a spectrum with
intensities at 609 wavenumbers. The sampling and data acquisition were done by a team of
biologists at the University of Bayreuth.
Then, the paper provided an overview of classification methods and processes. By
using a classification technique, each pixel spectrum is assigned to a specific class. In this
case there were 20 different microplastic classes in addition to one class for substrate
(aluminum oxide filter) and one for the matrix (soil or water). Four important aspects to create
a classifier were discussed. The true data represents a classifier’s knowledge. Spectral
descriptors specify the important features of a certain spectrum. Random Forest Classification
was the machine learning technique of choice. Its operating mode was briefly explained.
Finally, as classifiers need to be tested, there is a short chapter about testing.
Part two of this thesis sums up the practical work that was done to create a classifier
for environmental soil samples. ImageLab and DataLab were used for all examinations. The
first approach was to create the soil classifier. During the creation process of the spectral
descriptors and the soil samples’ true data increasing evidence was found that the remaining
matrix of soil and water after purification did not differ very much. The first task of creating a
soil classifier shifted to the question of whether the already existing water classifier could also
classify soil samples properly. For that reason the matrix of all water and soil samples was
compared. The comparison was done using a script that excluded background pixels and
microplastic particles, divided the remaining pixels into four subsets and calculated an
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average spectrum of each subset. Those average spectra were processed. By using scatter
plots and Pearson’s Correlation Coefficients they were then compared to each other. From the
results it could be concluded that the remaining matrix in water and soil samples was similar.
Besides this, a new situation emerged. A few samples, from water and soil, had
negative correlation values with all other samples. Also, their average matrix spectra were
peculiar. After some research, it was finally discovered that these samples had been treated
with false background subtractions. After the measurement the pure aluminum oxide filter
should have been subtracted from all pixels. Instead, a contaminated spectrum (matrix on the
aluminum oxide filter) had been chosen. The question arose whether the classifier had
difficulties with such spectra.
The idea was to classify those spectra using the water classifier. At first, it was applied
to one soil and one water spectrum with unusual spectra to examine its decisions. The
Random Forest Classifier was then also applied to modified versions of these two samples.
The modified versions were constructed in a way to resemble the samples if they had been
treated with a correct background subtraction. The modifications were done slightly
differently. The classification results of the modified and the original sample were compared
to each other. The classifier made surprisingly good decisions. In both original samples it
recognized the microplastic particles and assigned them to the correct classes. But many
decisions were more distinct in the modified samples, especially those between substrate and
matrix. The biggest disadvantage of the original data was falsely classified single pixels.
These were pixels that were assigned to a microplastic class but were actually matrix or
substrate. In the modified datasets far fewer mistakes like that happened. If only a rough
overview of a sample was needed, the unusual spectra samples could be used. But if detailed
information was necessary, some difficulties would arise.
Finally, the water classifier was applied to the matrix of the soil samples’ true data to
confirm the assumption that according to the requirements the water classifier could also
classify the soil samples well. In that test only one spectrum was classified wrongly (0.1 %)
and about 4 % could not distinctly be assigned to one specific class. Those percentages
depended very much on the exact selection of matrix spectra. An attempt was made to include
a large variety of spectra to accurately depict reality. The examination confirmed that the
water classifier can be used on the environmental soil samples and should be renamed watersoil-classifier.
Obviously, the purification process works so well, in these soil and water samples only
the same few degradation products and non-degradable compounds remain. Although in the
future, more focus needs to be put on the measurement process to ensure a correct background
subtraction in order to prevent unnecessary difficulties with the water and soil classifier.
Two other big findings from this paper: First, it is important to know everything about
the data one works with. Secondly, communication is key, especially when people from
different scientific fields join together. The reason for the origin of the unusual spectra
samples could not immediately be found, despite the fact that there was such a simple solution.
Better communication would have saved some time.
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A recommendation for the future is to exclude pixels of the unusual spectra samples from the
classifier’s true data and train it on the corrected true data. Excluding them is useful, as they
will only confuse the classifier, because e.g. matrix spectra in these samples are different from
those in normal samples.
Another idea is to include a warning when the classification is applied to data where
the background was wrongly subtracted. One possibility to establish that warning is to use the
inverted band around 3000 cm-1. Negative values in that region at e.g. substrate pixels, which
are everywhere around the sample, are a very good indicator for a wrong subtraction.
Furthermore it is worth considering whether the substrate class is necessary at all.
After the background subtraction, pixels with substrate only present a baseline with no peaks.
Such spectra are detected and excluded by the background mask before the actual
classification. Classes of other microplastic types might be necessary for the classifier instead
of the substrate class. So far there are 20 known microplastic types and two more are currently
being researched and included. For different fields of application (further) examination is
required in regard to what types of plastic are expected. These can then be implemented.
In general, the water-soil classifier already gives very satisfying results. But now that
the composition of the remaining matrix is well known, it can probably be slightly improved
by defining spectral descriptors to explicitly describe these specific matrix spectra.
To sum up, the surface water classifier can also be applied to environmental soil
samples from agriculturally used fields and bio-composting plants. It is probably even a
universally applicable classifier for a wide variety of environmental samples after they were
treated with the same purification protocol. Questions like this need to be answered in the
future in order to allow this process of analysis to be in the running for becoming the standard
method for the identification of microplastics in environmental samples.
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Appendix
A1 The samples

There were fifteen soil samples and eighteen water samples that were purified, measured and
used for the classifier training and testing. The soil samples were marked by having a small “s”
before the sample number while the water samples were given a “w” in front of the sample
number. The following table gives information about the soil samples. The table after that one
describes the water samples. As already mentioned in the thesis, the sampling process was
done by the University of Bayreuth that handed overall information.
Afterward, the microscopic pictures of the soil samples are shown. But not of all
samples a picture was taken. They are not in chronicle order, but related samples were
combined.
At the end of the appendix, a correlation table is added. It describes the outcome of the
matrix comparison test and is on a larger scale than the ones which are to be found in the
thesis.

sample

Source

additional information

s1

arable soil

Identical sampling & purification like s3. Due to a large
amount of sample after purification it was put on two
different anodiscs (aluminum oxide filters) for measurement.
The filters were measured separately.

(composite sample)
s2

arable soil from
Hohenheim (Stuttgart,
Germany)

Identical sampling like s4 and s6. Purification was done
separately. Plastic mixed in before purification.

(composite sample)
s3

arable soil

See s1.

(composite sample)
s4

arable soil from
Hohenheim (Stuttgart,
Germany)

Identical sampling like s2 and s6. Purification was done
separately. Plastic mixed in before purification.

(composite sample)
s5

compost from biocomposting plant

Identical sampling like s7. The purification process was done
separately. Plastic mixed in before sampling.

s6

arable soil from
Hohenheim (Stuttgart,
Germany)

Identical sampling like s2 and s4. Purification was done
separately. Plastic mixed in before purification.

(composite sample)
s7

compost from biocomposting plant

See s5.

s8

-

Same sample as s3. See annotation in footnote 3 (Part II –
II.2.2 Comparison results).
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s9

-

Same sample as s1. See annotation in footnote 3 (Part II –
II.2.2 Comparison results).

s10

arable soil from
Tetendorf (Soltau,
Germany) (composite
sample)

Here the top layer was excluded. Only soil from 5 to 20 cm
depth was taken.

s11

arable soil from Speyer
(Germany)

Only the top layer from 0 to 5 cm was taken for purification
and measurement. Exact same sample as s15. Samples s16,
s17 and s18 are very similar (large sample volume after
purification and divided into four parts for measurement).

(composite sample)
s12

arable soil from
Tetendorf (Soltau,
Germany) (composite
sample)

Here only the top layer was taken from 0 to 5 cm depth.

s13

arable soil

Unknown field. Only the top layer was taken from 0 to 5 cm.

(composite sample)
s14

arable soil from
Hohenheim (Stuttgart,
Germany)
(composite sample)

Although this is also arable soil from Hohenheim, the
sampling process was done at different spots. All three steps
(sampling, purification, measurement) are different from s2,
s4 and s6. Only the sampling area was very close. That may
lead to similar results.

s15

-

Same sample as s11. See annotation in footnote 3 (Part II –
II.2.2 Comparison results).

s16

arable soil from Speyer
(Germany)

See s11.

(composite sample)
s17

arable soil from Speyer
(Germany)

See s11.

(composite sample)
s18

arable soil from Speyer
(Germany)

See s11.

(composite sample)

Annotations:
 Same/identical sampling does not only mean the same agriculturally used field, but the
exact same spots on that field and being sampled in the same depth.
 Composite sample means that on that agriculturally used field at different locations on
the same field samples were taken. Everything was homogenized. The analyzed
sample was taken from this mixture.
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sample

Source

Sample

source

w1

River Danube (in
Germany)

w10

waters in Germany by
LUBW

w2

River Inn

w11

lake in Germany.

w3

River Isar

w12

lake in Germany
Same sampling and
purification but
separate measurement
from w17. Only other
fraction from
separation funnel.

w4

River Main by HLUG

w13

River Inn

w5

waters at Holdorf
(Germany) – but only a
small cutout of a filter

w14

River Inn

w6

waters in Germany

w15

River Ruhr by LANUV

w7

River Rhein at Bad
Honnef (near Bonn,
Germany) by LANUV

w16

River Isar

w8

sewage treatment plant
for mainly municipal
sewage in Neuss (at
Düsseldorf, Germany)
by LANUV

w17

lake in Germany
Same sampling and
purification but
separate measurement
from w12. Only other
fraction from
separation funnel.

w9

River Enz by LUBW

w18

River Danube

Annotation:
 Concerning the water samples, it was only known where the samples were taken. No
further information about sampling depth etc. was given.
 Two water samples were omitted in the matrix comparison test (Part II – II.2
Distinguishing between soil and water matrix). Sample w5 represented only a part of a
sample. Sample w1 was measured in a different wavenumber region.
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A2 Microscopic pictures of the samples
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A3 Correlation table
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