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Abstract
Accurate quantification of microplastics (MPs) in soils remains analytically challenging due to complex mineral and 
organic soil matrices. Microscopy, spectroscopy and thermoanalytical techniques are widely applied to analyse MPs 
in soils. However, integrated workflows enabling simultaneous assessment of quantitative surface properties remain 
limited. Surface roughness and complexity may influence particle-environment interactions and are therefore 
relevant for understanding the environmental behaviour of MPs. This study developed and evaluated an oxidative- 
and corrosive-substance-free workflow for the simultaneous assessment of MP abundance, size, shape, and 
quantitative surface roughness and complexity in agricultural soils. The workflow combines density separation with 
freezing, 3D Laser Scanning Confocal Microscopy (3D LSCM; Keyence VK-X1000, Japan) and machine-learning-based 
automated detection. In addition to enabling time-efficient particle classification, machine-learning integrates 
multi-layer 3D LSCM outputs, including height, laser reflection, and colour (RGB) information. Data acquisition 
was performed at a pixelxy size of 2.7 μm and a height pitch of 4 μm. The method was evaluated using three 
agricultural topsoils spiked with transparent and black low-density polyethylene and polypropylene fragments 
(< 53 μm, 53–100 μm, 100–250 μm) and polypropylene fibres (1000 μm length). MPs ≥ 53 μm were reliably detected 
with a mean recovery of 80% ± 28% in soils with low to medium particulate organic matter content (POM). As 
expected, detection performance decreased in soils with high POM content, as POM was not removed during 
sample preparation, which made it particularly difficult to determine black MPs and fibres. Up to four 25 g samples 
can be processed and analysed within three days, enabling time-efficient MP (≥ 53 μm) assessment in agricultural 
soils and complementing established analytical approaches through quantitative surface characterisation.
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​​Introduction
Soils are considered one of the most important terres-
trial sinks for microplastics (MPs) [1], defined as plastic 
particles and fibres ranging of 1–5000 μm [2]. MPs enter 
soils through a multiple pathways, including tyre abra-
sion along streets [3–5], paint fragments [6, 7], litter frag-
mentation [8–10] and atmospheric deposition [11–13]. 
In agricultural soil systems additional sources need to be 
considered. These comprise fragments of plastic material 
used in agriculture [9, 14–16], such as black mulch films, 
transparent greenhouse tunnels and silage bags [17, 18], 
which are widely applied to enhance productivity and are 
often discussed in the context of achieving the United 
Nations Sustainable Development Goals (SDGs) [19]. In 
addition, the application of organic fertilisers, including 
compost and sewage sludge, may transfer MPs originat-
ing from waste management and wastewater systems into 
agricultural soils [20–23]. Together, these inputs contrib-
ute to the accumulation of MPs in agricultural soils [9, 
22, 24].

MPs might affect soil physical properties (e.g., aggre-
gation and soil water fluxes) [25, 26], as well as chemical 
and biological soil properties (e.g., bacterial communi-
ties, soil fauna, and rhizosphere) [27–29], which stands in 
contrast to the SDGs. Beyond MP polymer identity and 
concentration, morphological parameters such as size, 

shape, volume, and surface complexity in terms of sur-
face area are key factors in ecotoxicological risk assess-
ment for soil invertebrates [30]. Surface roughness and 
complexity may influence particle-soil interactions, adhe-
sion processes [31–34]. Quantitative assessment of these 
parameters is therefore essential for understanding MP 
behaviour in soils.

Considerable efforts have therefore been directed 
towards the extraction, quantification, and characteri-
sation of MPs in complex sample materials such as soil. 
Thermoanalytical techniques such as pyrolysis-gas chro-
matography-mass spectrometry (Pyr-GC-MS) [35] and 
thermal extraction desorption-gas chromatography-mass 
spectrometry (TED-GC-MS) [4, 36] provide rapid poly-
mer identification and mass quantification. Microscopic 
imaging [37, 38] enables particle-resolved information 
on abundance, size, shape and colour [39]. Microscopy 
in combination with spectroscopic methods such as 
µ-Fourier transform infrared spectroscopy (µ-FTIR) [40, 
41], µ-Raman spectroscopy (µ-Raman) [42], and attenu-
ated total reflectance-FTIR (ATR-FTIR) [15, 41] allows 
additional polymer-specific identification [43–45]. These 
approaches provide complementary information; how-
ever, they are rarely integrated with quantitative three-
dimensional surface analysis.

Graphical abstract



Page 3 of 19Scheiterlein and Fiener Microplastics and Nanoplastics            (2026) 6:47 

Several additional analytical restrictions remain. With 
fluorescence microscopy, µ-FTIR, and µ-Raman it is chal-
lenging to detect black or dark-coloured MPs, especially 
if soil organic matter (SOM) is present in the samples [37, 
43, 46, 47]. Transparent MPs may be overlooked during 
stereomicroscopic inspection [40, 48] or preselection 
[47]. Moreover, most analytical approaches use corro-
sive and oxidative substances during sample preparation, 
such as zinc chloride, hydrogen peroxide and/or the Fen-
ton reaction [44], which may alter the MP size and sur-
face properties, or cause further fragmentation [40, 49, 
50].

MP surface properties have been qualitatively investi-
gated using Scanning Electron Microscopy (SEM) [51–
54] to complement thermoanalytical and spectroscopic 
techniques. Quantitative analyses of surface complex-
ity and roughness in soils remain limited. Micro-X-ray 
computed tomography (micro-CT) and nano-X-ray com-
puted tomography (nano-CT) have been used to deter-
mine surface complexity in terms of surface area and 
porosity (volume-pore-ratio) of plastic fruit stickers in 
compost [21]. Yet, such 3D surface characterisation is not 
routinely integrated into MP-soil workflows.

In addition, heterogeneous MP background contami-
nation in soils [44, 55] requires the analysis of represen-
tative sample masses [44], increasing processing time 
due to sample preparation, measurement time [43], and 
(semi-)manual data analysis [56]. Automated data analy-
sis, therefore, represents a crucial step towards efficient 
workflows [56]. Machine-learning-based data analysis 
enables an automated detection and, further, the integra-
tion of multi-layer datasets, including 2D morphologi-
cal features [3] and spectral features [57, 58]. However, 
the systematic integration of machine learning with 3D 
surface-resolved MP detection in soils remains limited. 
Further for reproducible applications in the future, more 
training data and the availability of the programming 
code are needed [56].

To date, no method can fully capture all aspects of 
MP polymer identification, abundance, mass, particle 
size, shape, and surface properties within one analyti-
cal workflow. Consequently, analytical techniques must 
be selected according to the specific research question. 
There is a need for approaches that preserve MP mor-
phology during sample preparation and enable detection 
across diverse MP characteristics in presence of SOM. 
Such approaches should also reduce (semi-)manual data 
analysis and complement established thermoanalyti-
cal and spectroscopic techniques. In addition, analytical 
approaches enabling the quantitative assessment of MP 
surface complexity and roughness in contaminated soils 
is still rarely integrated into routine workflows.

This study developed and evaluated a novel workflow 
for automatic MP detection in agricultural soil using 3D 
Laser Scanning Confocal Microscopy (3D LSCM, VX-K 
1000, Keyence, Japan) combined with machine-learning-
based analysis integrating colour (RGB), laser reflection, 
and 3D surface features. Specifically, we aim to develop 
a method that: (i) preserve morphology during sample 
preparation without oxidative and corrosive substances; 
(ii) enable detection of small MP particles (11–250 μm) 
and fibres (~ 1000  μm length) in the presence of SOM; 
(iii) quantify the MP in abundance, size, 3D shape, vol-
ume and surface properties (complexity and roughness 
values); and (iv) facilitate time-efficient cost-conscious 
processing of representative soil sample masses com-
pared with workflows requiring extensive SOM purifica-
tion and (semi-)manual data analysis.

The research focuses on prevalent light-density poly-
mers (LDPE and PP) [59], which are commonly used in 
plasticulture [18], and on MPs in transparent and black 
colour classes that may be underrepresented in routine 
detection approaches [60]. The approach was evaluated 
on three spiked agricultural topsoils containing MPs of 
varying size classes (≤ 53 μm, 53–100 μm, 100–250 μm), 
surface conditions (virgin and weathered), and shapes 
(fragments and fibres; ~ 1000  μm length). We hypoth-
esised that (H1) the corrosive-substance-free sample 
preparation preserves MP morphology, particularly sur-
face complexity; (H2) robust MP detection is achievable 
in agricultural soils despite the presence of SOM, with an 
expected decreasing performance at higher particulate 
organic matter (POM) contents and smaller MP particle 
sizes; and (H3) MPs can be distinguished from soil parti-
cles primarily using size-independent morphological and 
surface descriptors.

Materials and methods
Cross-contamination prevention
The MP extraction was carried out in a laminar flow 
box (FBS 93-SuSi, Spectec, Germany). Cotton lab coats 
were worn during sample preparation, measurement and 
equipment cleaning. Whenever samples were moved 
within the laboratory, they were always covered with a 
stainless-steel lid or kept in a glass Petri dish and only 
uncovered during the 3D LSCM analysis. In this study, 
the use of hazardous substances was avoided; hence, nei-
ther a fume hood nor laboratory gloves were required. 
All samples were handled with tweezers or a spatula. The 
equipment was thoroughly cleaned between uses, fol-
lowing an internal standardised procedure that included 
rinsing with ultrapure water (Elga-Veolia Purelab Flex 
2, Germany), washing with 96% ethanol, and heating to 
140 °C.
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cross-contamination, the sample divider was thoroughly 
cleaned with 96% ethanol and compressed air before 
initial use and between processing of soils S1, S2, and 
S3. The 25  g soil samples were stored in covered glass 
jars until the spiking procedure. S1 showed substan-
tially higher visible POM content compared to S2 and 
S3, whereas S3 exhibited the highest soil organic carbon 
(SOC) and clay content (Table 1). POM was qualitatively 
assessed following the MP extraction procedure after 
density separation and freezing (Figure SI1).

Microplastics
Ten MP types representing plasticulture sources, including 
mulching films, greenhouse films, and non-woven textiles 
were used (Table  2; Fig. SI2). Fibres additionally repre-
sent MPs transferred from other systems. These materials 
included: (i) commercially available transparent LDPE par-
ticles (LDPE-T; LDPE 140 and LDPEXF 1040, Fixatti AG, 
Germany); (ii) predominant transparent PP particles (PP-
T) derived from ocean-sourced material manufactured to 
MPs; (iii) commercially available black LDPE agricultural 
film cryomilled to MP (LDPE-B); (iv) commercially avail-
able transparent/white PP fibres (F PP 264, Schwarzwälder 
Textil-Werke, Germany) with a length of ~ 1000  μm. 
The LDPE material has a density of ρ = 0.91–0.92 g cm− 3 
and PP of ρ = 0.90–0.92  g cm− 3. All particle types except 
fibres were separated into three size classes (< 53  μm, 
53–100  μm, and 100–250  μm) using closed dry sieving. 
PP-T particles were irregularly shaped fragments and rep-
resent MPs with a weathered surface. LDPE-T and LDPE-
B particles were irregularly shaped film fragments, which 
could also appear in a fibrous shape.

Test materials
Soil
Three different agricultural topsoils representing differ-
ent regions and textures in Germany were used (Table 1). 
Soil 1 (S1) is a sandy soil with high POM, obtained as a 
commercial standard soil (LUFA 2.1; LUFA Speyer, Ger-
many) sampled from Dudenhofen (Western Germany) 
from a depth of 0–20 cm. LUFA soils originate from agri-
cultural land, where neither pesticides nor organic fertil-
iser (except green manure) were applied for at least four 
years prior to sampling; mineral fertilisers were applied 
no later than three months before sampling. Soil 2 (S2) is 
a sandy soil with low to medium POM, sampled in Strass 
(Southern Germany) from a depth of 0–5 cm. Soil 3 (S3) 
is a silty soil with low to medium POM, sampled in Fre-
ising (Southern Germany) from a depth of 0–5  cm. S2 
and S3 originated from intensive, long-term agriculture 
with a typical regional crop rotation and without plasti-
culture. S1 was under agricultural use for several decades 
but has been left uncultivated for at least four years prior 
to sampling, which is probably the reason for its higher 
POM content. S2 and S3 were air dried (20  °C) for five 
days in aluminium boxes in a separate sample storage 
room and mixed daily to ensure homogenous drying. S1 
was delivered pre-dried and packed in a white/transpar-
ent plastic bag (woven outer layer, inner film layer). All 
soils were manually closed-sieved to < 2  mm and sub-
divided into 25  g samples. To ensure reproducible and 
representative subdivision for the controlled spiking 
experiment, an automated rotary sample divider (PT 
100, Retsch, Germany) was used. To minimise potential 

Table 1  Overview of soil properties presented in 
mean ± standard deviation
Properties Soil 1 (S1) Soil 2 (S2) Soil 3 (S3)
Site Dudenhofen 

(West Germany)
Strass (Southern 
Germany)

Freising 
(Southern 
Germany)

Depth [cm] 0–20 0–5 0–5

Sand [%] 86.6 ± 1 72.0 ± 0 16.0 ± 0

Silt [%] 9.7 ± 1 17.5 ± 0.7 60.0 ± 1.4

Clay [%] 3.7 ± 1 10.5 ± 0.7 24.0 ± 1.4

SOC [%] 0.58 ± 0.05 1.01 ± 0.06 1.27 ± 0.11

CaCO3 [%] < 1 < 1 0.14 ± 0.02

N [%] 0.06 ± 0.02 0.12 ± 0.01 0.16 ± 0.01

pHCaCl2 [%] 4.6 ± 0.1 6.9 ± 0.14 7.1 ± 0.28

POM high low to medium low to 
medium

Soil texture acquired from sieve-pipette method; soil organic carbon (SOC), 
calcic carbonate (CaCO3), nitrogen (N) after elementary analyses; pH in 0.01 mol 
calcic chloride (CaCl2) soil elute; and particulate organic matter (POM) was 
qualitatively analysed (Fig. SI1). Soil properties of S1 were provided by LUFA 
Speyer, Germany and those of S2 and S3 were provided by the Bavarian state 
environmental agency (LFU), Germany

Table 2  Properties and size class of the 10 different microplastics 
(MPs) used for spiking
Size 
class 
[µm]

Polymer Colour Shape Characteristic MP-
type

1000 PP white/
transparent

fibre virgin 1

100–
250

PP transparent particle weathered 
fragment

2

LDPE transparent film fragment 3

LDPE black film fragment 4

53–
100

PP transparent particle weathered 
fragment

5

LDPE transparent film fragment 6

LDPE black film fragment 7

< 53 PP transparent particle weathered 
fragment

8

LDPE transparent film fragment 9

LDPE black film fragment 10
The MP either consist of light density polyethylene (LDPE) or polypropylene (PP)
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Spiking procedure
In the following, the MP material used for soil spik-
ing (MPspik) and the MPs detected after extraction and 
analysis (MPdet) are distinguished to enable recovery 
calculation, similarity analysis, and surface alteration 
assessment in subsequent method evaluation (Sect. 
“Method evaluation”). The mass of MPspik added to each 
soil sample was determined using a microbalance (XP6 
Micro Balance, Mettler Toledo, Switzerland). For par-
ticle fractions, the following target masses were applied: 
0.05  mg (100–250  μm), 0.02  mg (53–100  μm), and 0.01 
mg (< 53 μm). For PP fibres (~ 1000 μm length), 0.10 mg 
was used. These correspond to nominal MP-soil mass 
concentrations (w/w) of 2 ppm (100–250  μm), 0.8 ppm 
(53–100  μm), 0.4 ppm (< 53  μm), and 4 ppm (fibres), 
respectively.

Prior to soil spiking, MPspik was characterised using 
the 3D LSCM to determine size distribution, particle 
volume and surface properties. Quantified particle vol-
ume (Table SI5) in combination with the known polymer 
densities, were used to establish a statistical mass-to-
particle conversion. This conversion served as the basis 
for calculating particle numbers from the applied mass 
(Sect.   “Mass-to-particle count conversion”) and for 
determining recovery rates of MPdet (Sect. “Statisitcal 
recovery rate”). Furthermore, the surface descriptors of 
MPspik provided the morphological reference for subse-
quent comparison with MPdet. This comparison enabled 
similarity analysis (Sect. “Similarity analysis”) and evalu-
ation of potential surface alteration induced by mechani-
cal dispersion and separation steps (Sect. “Microplastic 
alteration control”). For spiking 25  g of soil were trans-
ferred from the glass jars into a 500  ml stainless-steel 
centrifugation tube (Tube 13507, Sigma Laborzentrifu-
gen GmbH, Germany) and the respective MPspik material 
was added.

In total, 30 different MP-soil combinations (10 MP 
types x 3 soils) were prepared and analysed in triplicate, 
resulting in 90 spiked samples. In addition, three soil 
blanks and 10 MP blanks were included, yielding 103 test 
samples. MP blanks (MP + ultra-pure water) were used 
to assess method performance without soil and to moni-
tor laboratory background contamination. Soil blanks 
(soil without MP addition) were analysed to determine 
initial MP background levels and potential contamina-
tion during soil preparation.

Microplastic extraction
A three-step procedure was applied to extract MPs from 
soil < 2 mm. This workflow was optimised for parallel lab-
oratory processing of up to four independent 25 g sam-
ples (100 g total), per extraction batch, on the laboratory 
setup and centrifugation capacity (Fig. 1A). The samples 

Fig. 1  Workflow (A–D, left) and 3D Laser Scanning Confocal Microscope 
(3D LSCM) output with data analysis (right) for transparent low-density 
polyethylene (100–250 μm) in silty soil with low to medium particulate or-
ganic matter (S3). Transparent microplastics (MPs) appear black in the laser 
intensity image; height ranges from low (blue) to high (red). Pixel Classifier 
results are colour-coded (arrows: false positives); final MP detections are 
marked by white rectangles
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were processed in 500  ml stainless-steel centrifugation 
tubes (Fig. SI3A).

(i)	 Dispersion: For physical soil aggregate dispersion, 
200 ml ultra-pure water was added to each sample 
and treated twice with 5 min shaking (shaking plate 
3015, GFL Gesellschaft Für Labortechnik mbH, 
Germany) and 5 min ultrasonic at 480 W, resulting 
in an energy density of 720 J ml-1 (SONOREX RK 
102 H, 35 kHz, 480 W, Bandelin, Germany).

(ii)	 Density separation: For density separation at 
ρ = 1 g cm-3, another 200 ml of ultrapure water 
was added and centrifuged (6–16 S, Sigma 
Laborzentrifugen GmbH, Germany) at 2800 rpm 
for 30 min (Figure SI3B).

(iii)	 Freezing and Filtration: For freezing and 
filtration, 50 ml of ultrapure water was carefully 
added, an aluminium foil cylinder was placed on 
the top of the centrifugation tube (to ‘guide’ the ice 
during freezing), and the sample was then frozen 
at -18 °C for a minimum of 8 h (Fig. SI3C). The 
ice cap containing the low-density fraction (ρ < 1 g 
cm⁻³) was removed by rinsing the edge between 
the ice and the centrifuge tube with 96% ethanol 
(ethanol denatured with 1% methyl ethyl ketone) 
and finally splitting it with a spatula. To apply the 
sample to a 2.5 cm diameter, white, phosphate-
free, cellulose round-filter with a pore size of 4 μm 
(5.5 cm, 169 G, Macherey-Nagel, Germany), the 
ice cap was melted in a glass funnel and passed 
a filtration vessel (30 ml glass filter funnel head 
with blue PP funnel and two Flour-Caoutchouc 
seals, EAN: 4032051032088, DURAN, Schott AG, 
Germany) (Fig. SI3D). Once dried, the cellulose 
filter was carefully removed with a spatula and 
placed into a glass petri dish for subsequent 
analysis using the 3D LSCM.

3D Laser Scanning Confocal Microscopy measurement
The sample measurement was performed with a 3D 
LSCM, which combines a 404  nm semiconductor laser 
with a CMOS colour camera embedded in a depth-in-
focus optical scanning system (Fig. 1B). For scanning the 
entire sample filter (ø 2.5 cm) while keeping a reasonable 
measurement time of 6 to 8 h, a medium magnification 
of 240x was used in the high-speed scanning mode and 
a height pitch of 4  μm (height resolution = 4  μm), with 
a coaxial light brightness and the laser brightness set to 
2.5 and 9027, respectively. This setup enabled scanning 
one sample filter in four parts, achieving a pixel size of 
2.72 μm x 2.72 μm. Finally, four sample filters (ø 2.5 cm), 
representing the extracted material from one 100 g MP-
soil mixture, were automatically measured in a row in 
24 to 32  h (Fig.  1B). The resulting data from each scan 

(~ 280  MB) was automatically saved in the proprietary 
VK4 file format from Keyence. Using the open-source 
tool vk4-python-driver (free available via GitHub [61]) 
height information, RGB values, and laser reflection with 
resolution of ~ 5000 x ~ 5000 pixels or respectively data 
points, were extracted and transformed into a height 
map (stored as CSV file, ~ 200 MB), a RGB image (stored 
as TIFF file, ~ 70  MB), and a laser reflection (intensity) 
image (stored as TIFF file, ~ 40  MB) (Fig.  1B). In addi-
tion to the height information, the laser reflection image 
represented an important data layer for particle discrimi-
nation. Transparent MPs exhibited low reflected laser 
intensity and therefore appeared as dark structures in the 
reflection image (Fig. 1B).

Machine-learning-based data analysis
A three-step random forest classifier workflow was 
implemented (Fig.  1C) to automatically distinguish MP 
particles from soil and background structures based on 
colour, laser reflection, and 3D surface-derived features. 
The labelled data set for training and testing was cre-
ated based on a certain amount of the 103 test samples 
(Table SI1-SI3). For MP annotation in spiked soil samples 
MPspik data was used for MP identification (SI2.5.2; Fig. 
SI5). The workflow progressively refines the classifica-
tion results, from pixel-level segmentation (Pixel Classi-
fier) to object-based segmentation (Object Classifier) and 
binary segmentation (Binary Object Classifier) between 
MP and soil particles. All random forest classifiers were 
trained and tested using identical hyperparameters (n_
estimators = 10, random_state = 42, class_weight = “bal-
anced_subsample”). The Pixel and Object Classifiers were 
operated within a One-vs-One framework to respect a 
multiclass classification. This three-step random forest 
classifier workflow enhances classification by combin-
ing semantic (pixel-based) information with object-level 
morphological, surface complexity and roughness fea-
tures derived from 3D LSCM. A subsequent principal 
component analysis (PCA) was applied to correct for 
particle-assigned background noise (Fig. 1D).

For methodological consistency, adapted random for-
est classifiers were additionally applied to pure MPspik on 
microscopy cover slips and MP blank samples (Fig. SI4). 
These classifiers were trained on dataset-specific annota-
tions due to differing background characteristics (Section 
S2.5). To classify MPspik only a Pixel Classifier was used 
(Table SI1). For MP blanks Pixel, Object and Binary Clas-
sifiers as well as PCA was applied (Table SI1-SI3).

(i)	 Pixel-level classification (Pixel Classifier): Raw 
3D LSCM data were denoised using a median filter 
applied to the laser reflection and RGB images. In 
addition, gradient, gradient magnitude, and sine 
of the gradient were derived from the 2D height 
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map (Table SI4). Five of the 103 test samples were 
partially annotated and used for classifier training 
and testing with a random split ratio of 70:30 
(Table SI1). This step produced a semantic, pixel-
based classification.

	 The pixel-level classes “Black MP” and 
“Transparent MP” were subsequently converted 
into instance-level objects (Fig. 1C). Morphological 
operations, including line closing, hole filling, 
and removal of small objects (< 4 connected 
pixels), were applied. Object-based features 
and coordinates were extracted from the laser 
reflection, RGB images, and the 2D height map, 
providing surface descriptors (Table 3). For 
surface roughness the parameters Mean Peak-to-
Valley Height (Rz), Arithmetic Average Surface 
Roughness (Sa) and Root Mean Square Height (Sq) 
was used. For surface complexity fractal dimension 
via Box Counting Method, Specific Surface Area 
(SSA), Surface Area Ratio (SAR), and 3D Shape 
Index was used.

(ii)	 Object-level classification (Object Classifier): 
The extracted object-based features were used to 
train a second random forest classifier (Tabel S4). 
Twelve of the 103 test samples (including the five 
used in the previous step) were partially annotated 
and used for classifier training and testing with 
a random split ratio of 60:40 (Tabel S2). This 
step provided an instance-level classification of 
individual particles.

(iii)	 Binary classification (Binary Object Classifier): 
In the final step, only selected surface descriptors 
(Table SI4) were used to train a binary random 
forest classifier (class 1 = “MP”, class 2 = “Soil”). 

Five samples out of the annotated dataset from 
the Object Classifier were used for the classifier 
training and testing, with a random split ratio of 
60:40 (Table SI3).

(iv)	 Principal component analysis background noise 
correction: MP blanks were analysed following the 
same three-step random forest classifier workflow 
(Fig. 1C), with adapted training data and feature 
selection, to monitor MP background noise and 
correct (Fig. 1D) MPdet. MP blanks made out of 
transparent MPs were used to analyse black MP 
background noise signals, and MP blanks made 
out of black MPs were used to analyse transparent 
MP background noise signals. For the PCA, the 
features Area-filled, Rz, Sa, and fractal dimension 
(Table 3) were used and compared with the 
principal components of MP background noise 
from MP blanks with initially detected MP from 
the three-step random forest classifier workflow. 
A 90th -percentile threshold was applied to assign 
MP as background noise or as true MPdet. Finally, 
only MPdet with a minimum length > 10.88 μm (4 
pixels) were considered to ensure reliable detection. 
Consequently, the smallest MP size class < 53 μm 
(Table 2) is reported as 11–53 μm in the results. 
Based on their spatial coordinates, the final MP 
objects were reassigned to their corresponding 
surface and size analyses.

Method evaluation
Method performance was evaluated using mass-to-parti-
cle count conversion, statistical recovery rate (RR), simi-
larity analysis and MP alteration control based on 103 
test samples (Sect.  Test materials, Tables 1 and 2).

Mass-to-particle count conversion
MPspik count was estimated via mass-to-particle count 
conversion (Table  4). MPspik was classified from the 

Table 3  Surface quantification with N = measurement points, z = height value, NB(ϵ) = number of boxes with ϵ the box size, 
k = principal curvatures of the height
Surface quantification Definition
Rz= zmax– zmin Mean Peak-to-Valley Height (Rz): Average difference between the highest peaks and lowest valleys [62]

Sa = 1
N

∑ N

i=1|zi−
−
z | Arithmetic Average Surface Roughness (Sa): Average height variation across the surface [62]

Sq =
√

1
N

∑ N

i=1 (| zi−
−
z |)2

Root Mean Square height (Sq): Standard deviation of the surface and is more to outliers than Sa [62]

F D = − log NB(ϵ)
log 1/ϵ

Fractal Dimension via Box Counting Method (FD): Quantifies the complexity of the surface [63]

SSA = Surface Area
V olume

Specific Surface Area (SSA): Geometric surface area to volume ratio in the dimension µm− 1

SAR = Surface Area
Areafilled

Surface Area Ratio (SAR): Geometric surface area to area ratio

Shape Index = 2
π

tan−1
(

k1+k2
k1−k2

)
3D Shape Index: Measure local surface curvature with the 2D height map [64]
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background (cover slip) using a One-vs-One random for-
est Pixel Classifier (accuracy of 98.9%, Table SI1, Table 
SI4, Fig. SI6). The MP classified instance-level objects 
were manually differentiated according to individual MPs 
and conglomerates (Fig. SI2). Only individual MPs were 
included for volume quantification (Table SI5). Because 
MP volumes were non-normally distributed, median as 
well as 25th (P25), and 75th (P75) percentiles were used 
for MP number estimation (Sect. S2.6). As the MP num-
ber is inversely proportional to individual MP volume, 
smaller MP volumes (P25) yield higher estimated MP 
numbers, whereas larger volumes (P75) yield lower MP 
numbers.

Statistical recovery rate
RR was calculated as the ratio of MPdet to estimated 
MPspik.

	
RR = MP det

MP spik
× 100 [%]� (1)

Because MPspik was estimated as a range (P25-P75), 
detection results within this range were considered full 
recovery (RR = 100%). If MPdet fell outside this interval, 
RR was calculated using the corresponding boundary 
value: 

 	• If MPdet < MPspik (P75):

	
RR = MP det

MP spik(P 75)
× 100 [%]� (2)

 	• If MPdet > MPspik (P25):

	
RR = MP det

MP spik(P 25)
× 100 [%]� (3)

Arithmetic mean RR and standard deviation were cal-
culated from triplicate MP-soil spiked samples. For 
transparent PP-T, LDPE-T and PP fibres samples, only 
transparent MPs were evaluated. For LDPE-B samples 
only black MPs were evaluated.

Similarity analysis
MPdet is validated based on morphological similarity with 
MPspik. To validate similarity a PCA was performed using 
size dependent and independent morphological features 
(area-filled, Rz, Sa, fractal dimension; Table  3). MPspik 
was segmented from the background (cover slip) using a 
One-vs-One random forest Pixel Classifier and analysed 
on size and surface properties (accuracy of 98.9%, Table 
SI1, Table SI4, Fig. SI6). Based on Euclidean distances 
in the PCA space, silhouette coefficients [65] were cal-
culated to quantify clustering. The silhouette coefficient 
ranges from − 1 (incorrect clustering) to + 1 (well-sepa-
rated clusters). For interpretation, similarity levels were 
classified as: 0-0.25 strong similarity (no distinct clus-
tering); 0.25–0.55 reasonable similarity; 0.55–0.75 weak 
similarity; and 0.75-1 no similarity (distinct cluster) [66].

Microplastic alteration control
To address potential alterations in MPs during extrac-
tion, the probability density of the dimensionless surface-
complexity parameter, fractal dimension, was compared 
between MPspik and MPdet. Probability density estimation 
was performed using a Gaussian kernel density estimator 
(Silverman’s rule, bw_adjust = 1.0, 512 evaluation points). 
A comparison was conducted for MPdet in ultrapure 
water (MP blanks) and in soils S1, S2, and S3 to evaluate 
matrix-dependent extraction effects. In addition, black 
soil particles (representing SOM) and transparent min-
eral particles were analysed to distinguish matrix effects 
from true MP alteration.

Data processing and statistical analyses
Raw 3D LSCM data in VK4 format were first converted 
into 2D height maps using a Bash script executed in Win-
dows PowerShell. Image annotation was performed in 
Fiji [67] using the open-source plugin LABKIT [68]. All 
subsequent data processing and analysis were performed 
using Python v3.12, compiled with the Spyder IDE 5.5.1 
(Spyder, 2024) within Anaconda Navigator v2.6.5 [69]. 
The Python library scikit-learn v1.5.2 [70] was used for 
machine learning-based data analysis, PCA, and the sil-
houette score calculation. For image processing, the 
Python libraries scikit-image [71], SciPy v1.13.1 [72], and 

Table 4  The microplastic (MP) abundance is estimated from 
gravimetrically determined spiking mass and individual MP 
volume derived from 3D Laser Scanning Confocal Microscopy 
(3D LSCM)
Size class 
[µm]

Polymer Mass [mg/25 g 
soil]

Estimated MP 
abundance 
per/25 g soil 
(median [range])

1000 PP-fibre 0.1 11 [7–19]

100–250 PP-T
LDPE-T
LDPE-B

0.05 25 [15–40]
27 [14–48]
22 [11–38]

53–100 PP-T
LDPE-T
LDPE-B

0.02 69 [42–127]
72 [35–154]
53 [34–97]

< 53 PP-T
LDPE-T
LDPE-B

0.1 304 [150–575]
412 [136–1071]
98 [57–265]

The range represents estimates calculated from the median, 75th, and 25th 
percentiles of the individual MP volume distribution (median [range]). Because 
MP number is inversely proportional to MP volume, smaller volumes yield 
higher MP numbers. The number of individually characterised MPs (N) and the 
underlying volume distributions used for the mass-to-particle conversion are 
provided in Table SI5. MP-type is defined in Table 2
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the computer vision library OpenCV v4.10.0 were used. 
The function measure.regionprops from scikit-image was 
applied for object-based size analysis and feature extrac-
tion, while the function Delaunay from SciPy was used 
for volume calculations. Mathematical operations on 
object-based height values were performed using NumPy 
v1.26.4 [73] to quantify surface parameters as defined 
in Table  3 and to compute statistical measures, includ-
ing mean, standard deviation, median, percentiles and 
Gaussian kernel density estimator. Data organisation was 
managed using pandas v2.2.2 [74]. All machine-learn-
ing analyses were performed on a laptop (Intel® Core™ 
i7-8565U CPU @ 1.80  GHz, 4 cores, 8 logical proces-
sors, 32 GB RAM). The computation of fractal dimension 
for the MPspik dataset required increased computational 
resources due to the box-counting procedure applied 
across multiple scales. This step was therefore executed 
on a workstation equipped with a dedicated graphics 
processing unit and parallelised across 16 CPU cores. All 
subsequent analyses of spiked soil samples and blanks 
were performed on the laptop.

Results
Within three working days, four independent 25 g sam-
ples (< 2  mm soil; total 100  g) were processed in paral-
lel using the developed workflow, which integrates MP 
extraction, automated 3D LSCM measurement, and 
machine-learning-based data analysis (Fig. 1A-D).

Detection performance and recovery
Machine learning performance and feature relevance
The multiclass pixel classifier achieved an overall accu-
racy of 98.2%, while the object classifier achieved an over-
all accuracy of 94.8%, and the binary classifier achieved 
an overall accuracy of 80.7% (Fig. SI6–SI8). The reduc-
tion in recall compared to the multiclass classifier reflects 
stricter discrimination. Visual inspection by experts con-
firmed that the number of false positives detected MPs 
decreased with each classifier application (Fig.  1C-D). 
Feature important was driven by surface, laser reflection 
and colour-related descriptors for the Pixel and Object 
Classifier. For the Pixel Classifier, the first three impor-
tant features were the three colour channels red, green 
and blue. With the implementation of laser reflection 
and surface features, the classification could be refined. 
For the Object Classifier, the colour values were reduced 
to the red channel with the highest importance, followed 
by laser reflection, shape index, fractal dimension, SSA, 
SAR, Sq and Rz (Table SI4). The final Binary Classifier 
relied exclusively on surface-related descriptors: SAR, Sa, 
fractal dimension and Rz (from high to low importance), 
indicating that MP discrimination was based on struc-
tural characteristics rather than colour information. The 
application of the hierarchical classification workflow 

progressively reduced the number of false-positive MP 
detections in soil blanks, with PCA-based background 
noise correction and size threshold (Objects > 10.88  μm 
in minimum length) providing the final refinement step 
(Fig. 1C-D).

Recovery and similarity
Because background MP-like objects differed between 
soil matrices (Fig. 3), recovery results are presented for all 
soils (S1–S3); however, overall recovery calculations are 
additionally reported with and without S1 to account for 
matrix-dependent background interference.

(i)	 Microplastics particles 100–250 μm and fibres 
1000 μm: For soils S2 and S3, statistical recovery 
rates of 100% were achieved for PP-T, LDPE-T, 
and LDPE-B (Fig. 2B). In the case of PP-fibres, 
100% recovery was achieved in S3 (Fig. 2A), 
while S2 showed a slight overestimation (106.0% 
± 6.6%). Silhouette coefficients indicated strong 
(LDPE-T in S2, LDPE-B in S2 and S3; Table 5) to 
reasonable similarity (Table SI6). In contrast, S1 
showed 100% recovery only for PP-T. LDPE-T was 
slightly overestimated (109.0% ± 12.8%), while 
strong overestimations were observed for PP-fibres 
(164.9% ± 56.1%) and LDPE-B (396.8% ± 10.3%). 
Correspondingly, weak similarity was detected 
for PP-fibres in S1 (Table 5), whereas LDPE-T, 
PP-T, and LDPE-B showed reasonable similarity. 
MP blanks showed 100% recovery for LDPE-T 
(Fig. 2B). Overestimations were observed for PP-T 
(141.5%), LDPE-B (154.3%), and PP-fibre (211%; 
Fig. 2A). With a similarity between strong (Table 5) 
and reasonable (Table SI5). When S1 was excluded 
due to elevated background levels (see Fig. 3), 
reliable quantification of transparent, black, and 
weathered MPs (Table 2), was achieved for this size 
class, resulting a mean recovery of 104% ± 14.5%.

(ii)	 Microplastic particles 53–100 μm: In S2 and S3, 
the statistical recovery rates decreased. LDPE-T 
showed the highest recoveries (74.6% ± 23.8% 
in S2; 61.5% ± 10.8% in S3), followed by LDPE-B 
(64.2% ± 7.8% in S2; 41.2% ± 6.4% in S3) (Fig. 3C). 
PP-T presented the lowest recoveries (37.7% ± 5.1% 
in S2; 34.3% ± 16.1% in S3). Similarity remained 
within the range of strong (Table 2) to reasonable 
(Table SI6). For S1, statistical recovery rates were 
97.6% ± 3.4% (PP-T), 93% ± 7.7% (LDPE-T), 
and 130.2% ± 27.4% (LDPE-B), with similarities 
between strong (Table 5) and reasonable (Table 
SI6). The MP blanks (Fig. 3C) showed 100% 
recovery for all MP-types. When S1 was excluded 
due to elevated background levels (see Fig. 3), 
reliable quantification of transparent, black, and 
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weathered MPs (Table 2), was achieved for this 
size class, resulting in a mean recovery of 59.1% ± 
25.7%.

(iii)	 Microplastics 11–53 μm: For the smallest size 
class, recovery decreased substantially across all 
soils (Fig. 3D). Excluding S1, a mean recovery of 
14.0% ± 12.4% was achieved. The highest recovery 
within the size class was observed for LDPE-B 
blank (26.2%), with a reasonable similarity (Table 
SI6). Reliable detection of MPs below 53 μm was 
therefore not achieved.

(iv)	 Overall recovery: Across all MP types (11–250 μm 
and fibres), varied between soil matrices. In 
particular, S1 showed strong overestimations, 
resulting in an overall mean recovery of 123.0% 
± 104.0%, compared to 63.2% ± 39.5% for S2 
and 56.9% ± 40.0% for S3. MP blanks alone 
achieved 96.6% ± 63.5%. Given the pronounced 
overestimation observed in S1, overall recovery 
was additionally evaluated, excluding this soil 
matrix. When S1 was excluded, the mean recovery 
across all MP types was 65.3% ± 45.0%. MP size-
dependent effects were also evident. Excluding 
the smallest MP size fraction (11–53 μm), the 
overall mean recovery for transparent and black 
MPs ≥ 53 μm increased to 87.2% ± 34.7%. Under 
these conditions, S2 and S3 achieved 83.6% ± 
26.5% and 76.7% ± 29.7%, respectively, while MP 
blanks reached 129.6% ± 42.6%. For transparent 
MPs increased from 59.8% ± 42.7% (MP ≥ 11 μm) 
to 81% ± 28.9% (MP ≥ 53 μm). Similarly, black 
MPs increased from 60.5% ± 31.9% (MP ≥ 11 μm) 
to 76.3% ± 26.6% (MP ≥ 53 μm). Across soils 
with low to medium POM content (S2 and S3), 
a mean recovery of 80% ± 28% was achieved for 
transparent and black MPs ≥ 53 μm.

(v)	 Initial MP soil background contamination: Soil 
blanks revealed matrix-dependent background 
contamination prior to MPspik (Fig. 3). In S1, 
82 black and transparent 22 MP-like objects 
were detected. In contrast, S2 and S3 showed 
substantially lower background levels with 14 
and 5 detected objects, respectively. The elevated 
background signal in S1 corresponds to the strong 
recovery overestimations and explains the matrix-
dependent variability observed in the recovery 
assessment.

Microplastic alteration
To evaluate potential surface alteration during extrac-
tion, fractal dimension was analysed for MPs in the 100–
250 μm size class for MPspik and MPdet. Fractal dimension 
serves as a dimensionless descriptor of surface complex-
ity, with higher values indicating greater structural irreg-
ularity (higher complexity). The analysed MPs comprise 
virgin LDPE-T (Fig. 4A) and LDPE-B (Fig. 4B) materials 
and weathered PP-T (Fig. 4C; Table 2). Fractal dimension 
distributions were compared between MPspik and MPdet 
in MP blanks, S1, S2, and S3, and with detected soil-asso-
ciated particles (Fig. 4D). Across all MP types and sam-
ple matrices, fractal dimension increased after the MP 
extraction procedure relative to MPspik.

For virgin LDPE-T, the lowest deviation from the 
MPspik distribution was observed in the MP blank 
(Fig.  4A). Virgin LDPE-T in soils S1, S2, and S3 fractal 

Table 5  Summary of strong (≤ 0.25) and weak (≥ 0.55) similarity 
cases identified by silhouette coefficient across MP size classes 
and soil matrices (mean ± standard deviation (SD))
MP size 
[µm]

MP type Soil/MP 
blank

Similarity 
coefficient

Simi-
larity 
class

1000 PP-fibre S1 0.6 ± 0.1 Weak

PP-fibre S3 0.2 ± 0.1 Strong

100–250 PP-T S3 0.2 ± 0.0 Strong

LDPE-T MP blank 0.1 Strong

LDPE-T S2 0.1 ± 0.0 Strong

LDPE-B S2 0.2 ± 0.1 Strong

LDPE-B S3 0.2 ± 0.1 Strong

53–100 LDPE-T MP blank 0.2 Strong

LDPE-T S1 0.2 ± 0.1 Strong

LDPE-B MP blank 0.2 ± 0.0 Strong

11–53 PP-T S3 0.6 ± 0.1 Weak

LDPE-T MP blank 0.1 Strong

LDPE-B S1 0.1 ± 0.1 Strong
MP blanks were created one per MP-type; therefore, no mean ± SD is available. 
All remaining combinations that showed reasonable similarity are provided in 
Table SI6. Soils defined in Table 1 MP type is defined in Table 2
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dimension distributions partially overlap with MPspik, 
but with a different curve profile. For virgin LDPE-B, 
fractal dimension in MP blanks and in all soils showed a 
distinct shift towards increasing fractal dimension, with 
LDPE-B in S1 showing a bimodal distribution (Fig. 4B). 
For weathered PP-T, fractal dimension distributions in 
the MP blank showed a distinct shift compared to MPspik 
(Fig.  4C). The fractal dimension distributions of weath-
ered PP-T detected in soil samples were more compa-
rable to those of the soil-associated particles detected 
(Fig.  4D). Overall, the extraction procedure resulted in 
measurable changes in fractal dimension distributions 
across MP-types and matrices.

Discussion
Method performance
Robust detection across soil matrices and microplastic sizes
Robust MP detection was achieved in agricultural soils 
with low to medium POM content (S2 and S3), particu-
larly for MPs ≥ 53 μm (Fig. 3A-C). In S2 and S3, transpar-
ent and black MPs ≥ 53  μm were reliably detected with 
strong to reasonable similarity and consistent recovery 
rates, demonstrating that the presence of SOM does 
not inherently prevent automated MP quantification. 
In contrast, performance decreased in the high-POM 
soil (S1), where structural similarity between POM and 
black LDPE-B or PP-fibres led to increased false-positive 
assignments. Expert inspection of S1 soil blanks con-
firmed that the majority of initially detected black MPs 
represented misclassified POM structures rather than 
true MPs. The elevated abundance of transparent MPs 
in S1 soil blanks could be traced back to contamination 
from the white/transparent polypropylene sample bag. 
The workflow was intentionally designed without oxi-
dative or corrosive SOM removal. Consequently, POM 
structures remained physically intact and available for 
classification, increasing the likelihood of morphologi-
cal overlap. These findings demonstrate that the devel-
oped workflow does not eliminate matrix interference 
but operates within defined matrix constraints. Detec-
tion robustness, therefore, declines with increasing POM 
content and particle complexity, consistent with H2. The 
MP size further influenced performance. Reliable quan-
tification was achieved for MPs ≥ 53 μm, whereas recov-
eries declined substantially for MPs 11–53 μm (Fig. 3D). 
Reduced performance for MPs 11–53 μm was primarily 
associated with the PCA-based background noise cor-
rection, in which MPs 11–53 showed feature similarity 
(filled area, Rz, Sa, and fractal dimension) with back-
ground noise, leading to partial misclassification. The 
misclassification was clearly observed in the MP blank of 
LDPE-B 11–53 μm. This limitation is not introduced by 
the random forest workflow or by the selected 3D LSCM 
magnification. Overall, H2 is supported: robust MP 

Fig. 4  Probability density distribution of the fractal dimension for the mi-
croplastic (MP) size 100–250 μm before spiking, and after measurement in 
the MP blank and in soils S1, S2, and S3 (A-C). (D) is fractal dimension of 
soils (S1 to S3) without plastics. The fractal dimension of the pure soil mea-
surements was done separately for transparent (e.g. silicates) and black 
(e.g. organic carbon) soil components. For the abbreviations of the differ-
ent plastic particles, see Table 2
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detection is achievable in agricultural soils despite not 
removing SOM, but performance decreased with high 
POM content and for MPs below 53 μm.

Morphology and surface-based discrimination
The 3-step random forest classification workflow com-
bined colour, laser reflection at pixel level, with size-
independent morphological and surface descriptors at 
object level (Table SI4). Notably, only surface descriptors 
were retained for the final binary classification. Colour 
and laser reflection improved initial separation between 
transparent and black MPs and background structures. 
This was particularly evident in S1, where transparent 
MPs were less affected by false-positive assignments 
than black MPs due to the inclusion of colour and laser-
reflection features in the Pixel Classifier. At the object 
level, discrimination relied primarily on morphological 
and surface descriptors, including surface complexity 
and roughness parameters. Feature importance analysis 
confirmed the contribution of these descriptors to classi-
fication performance. Importantly, object-based classifi-
cation was designed to operate independently of particle 
size. No watershed segmentation was applied, thereby 
avoiding size-dependent particle splitting and poten-
tial artefacts associated with irregular particle geom-
etries [37]. The size-independent instance segmentation 
allowed attached MPs to be detected as single objects. 
However, fibrous MPs and MPs with thin extensions 
were occasionally detected as multiple fragments. A reli-
able watershed-based separation was not feasible due to 
the irregular shapes of fragments and the risk of artifi-
cial over-segmentation. The chosen parameter set in the 
instance segmentation step, therefore, prioritised size-
independent segmentation over aggressive particle split-
ting (Fig. 1C). Reduced recovery for MP 53–100 μm in S2 
and S3 may reflect stronger particle–matrix interactions 
in loam- and clay-rich soils. The weathered surface mor-
phology of PP-T 53–100 μm may further enhance adhe-
sion to soil particles, complicating morphology-based 
discrimination under matrix attachment conditions. 
Overall, H3 is largely supported: MPs can be distin-
guished from soil particles primarily through size-inde-
pendent morphological and surface descriptors, while 
colour features and laser reflection enhance robustness 
in complex matrices. Performance remains influenced by 
matrix heterogeneity and particle–matrix interactions.

Microplastic surface alteration during extraction
Fractal dimension analysis revealed a systematic increase 
in surface complexity after extraction across all MP types 
(virgin and weathered), indicating moderate surface 
alteration during the extraction procedure (Fig.  4A-C). 
The bimodal fractal-dimension distribution observed for 
LDPE-B in S1 indicates the presence of two structurally 

distinct object populations. This pattern may reflect a 
combination of true LDPE-B particles and structurally 
similar matrix-derived objects or fragmented particles 
generated during extraction (Fig.  4C-D). The extraction 
workflow involved mechanical shaking, ultrasonication 
(720  J ml− 1), centrifugation, freezing, and filtration with 
a vacuum pump. Among these, ultrasonication likely 
contributed most strongly to increased surface complex-
ity and partial fragmentation. Ultrasonic energies above 
60 J ml− 1 are known to disturb POM [75]; however, their 
effects on MP surfaces remain insufficiently quantified 
[46]. Mechanical shaking and centrifugation may addi-
tionally promote particle–particle and particle–matrix 
abrasion, while freezing and thawing cycles can intro-
duce physical stress. The observed increase in fractal 
dimension suggests that these combined mechanical 
treatments may induce moderate surface alteration. In 
addition, apparent increases in surface complexity may 
also result from the attachment of soil-derived par-
ticles (e.g., SOM or silicates) to MP surfaces. Such coat-
ing effects can artificially increase the fractal dimension 
without reflecting intrinsic surface alteration. However, 
similar increases observed in MP blanks indicate that 
mechanical treatment alone accounts for the observed 
changes, suggesting that both surface modification and 
particle attachment may influence the results. Surface 
property is a key parameter in ecotoxicological assess-
ment, as increased surface complexity may influence 
sorption behaviour, and interactions with soil inverte-
brates [30, 34, 76]. Therefore, preservation of surface 
properties is relevant not only for analytical detection 
but also for environmental interpretation. Despite the 
measurable increase in fractal dimension, particle mor-
phology remained sufficiently preserved to allow reliable 
classification and quantification of MPs ≥ 53  μm. Com-
pared to workflows that rely on oxidation or density sep-
aration using corrosive substances, the present extraction 
strategy avoids chemical alteration but may induce mod-
erate mechanical modification. Thus, H1 is only par-
tially supported: while the extraction procedure enabled 
reliable detection, it also caused measurable changes in 
surface complexity. Optimising dispersion energy and 
mechanical stress may further reduce alteration in future 
applications. To position the developed workflow within 
the current methodological landscape of MP detection 
in soils, recovery performance and detection limits are 
compared with established analytical approaches in the 
following section.

Method evaluation and validation
A review found that only 35% of the published MP stud-
ies performed recovery tests based on controlled spiking 
experiments [44]. Direct comparison of recovery rates 
across studies remains challenging due to differences in 
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MP size, colour, polymer type, soil matrix and spiking 
concentration. Therefore, comparison was restricted to 
studies using comparable MP materials.

Fluorescence microscopy achieved mean recoveries of 
82% ± 15% for white LDPE (20–150 μm) in sandy soil and 
88% ± 7% in a loamy soil [37], comparable to transparent 
MPs (53–250  μm) in S2 and S3 in the presented study. 
However, for black PBAT/PLA (100–250  μm) recover-
ies decreased to 17% ± 7% in sandy soil and 45 ± 20% in 
loamy soil [37]. Similarly focal plane array (FPA)-µ-FTIR 
achieved 57% ± 13% for transparent LDPE (10–150 μm) 
in a sandy soil and 29% ± 0% in a loamy soil, while black 
PBAT/PLA (10–250  μm) achieved 50% ± 2% in loamy 
soil and 49% ± 16% in sandy soil [40]. Stereomicros-
copy, in combination with machine learning, reported 
higher recoveries for black tyre wear particles (> 35 μm), 
reaching 85% ± 10% [3]. Stereomicroscopy, in combina-
tion with a heat plate, achieves recoveries > 80% for white 
LDPE < 150  μm and PP < 400  μm [38]. Compared with 
fluorescence microscopy and FPA-µ-FTIR, the 3D LSCM 
workflow developed here achieved higher mean recover-
ies for black MPs in the 53–250 μm size range. Whereby 
stereomicroscopy in combination with machine learn-
ing achieved higher recoveries for black tyre wear than 
the 3D LSCM workflow. However, the applied extrac-
tion procedure was specifically designed for light-density 
polymers (LDPE, PP) and is not suitable for high-density 
polymers such as PBAT/PLA or tyre wear particles. For 
LDPE-T (53–250 μm), fluorescence microscopy [37] and 
FPA-µ-FTIR [40] yielded recoveries comparable to those 
of the 3D LSCM workflow.

While differences in recovery between methods are 
partly attributable to MP size and polymer, colour and 
matrix composition emerge as additional critical fac-
tors influencing detection performance. Matrix interfer-
ence caused by SOM represents a common limitation 
across MP detection workflows [40, 43]. Many estab-
lished approaches, therefore, include oxidative SOM 
removal prior to detection [44]. While such purification 
steps improve recovery, they may alter MP [49, 50] and 
increase processing time. In the present study, no oxida-
tive and corrosive purification was applied. Therefore, the 
observed false-positive assignments in high-POM soil 
(S1) reflect the physical coexistence of POM and MPs, 
which was caused by the intended gentle sample purifi-
cation rather than a methodological classification issue. 
Optical differentiation between dark MPs and organic 
matter is particularly challenging. Similar colour-depen-
dent limitations are reported for microscopic and micro-
spectroscopic approaches. In fluorescence microscopy, 
Nile Red staining may yield a low signal-to-noise ratio for 
black MPs [37]. In µ-FTIR analysis, dark or opaque parti-
cles can block the infrared beam [45], and particle thick-
ness may further affect spectral quality [43]. Polymer 

additives, such as fillers, pigments, and dyes, in black 
polymers may interfere with µ-Raman measurements 
[47]. These colour-dependent limitations likely contrib-
ute to the reduced recovery rates reported for dark MPs 
in spectroscopic approaches. These findings indicate that 
interference from SOM and colour-dependent detec-
tion challenges are not unique to the present workflow 
but represent a general limitation in MP analysis. The 
current approach demonstrates that reliable quantifica-
tion of black LDPE is achievable in the presence of low 
to medium POM content without oxidative or corrosive 
purification. High POM matrices define the operational 
limit of this workflow.

An additional distinction concerns spiking concentra-
tions. Previous studies often applied substantially higher 
concentrations (e.g., 300  mg kg− 1 [37, 40]) than those 
used here. In the present study, spiking concentrations 
were selected to reflect environmentally realistic levels, 
consistent with the reported global MP concentration up 
to 13,000 items kg− 1 (4.5 mg kg− 1) [77]. Further, a review 
study from 2024 estimated a global mean of 2900 ± 7600 
MP items kg− 1 in agricultural soils with sludge amend-
ments 3700 ± 8800 MP items kg− 1 [78]. Validation under 
realistic concentration levels increases ecological rele-
vance but may reduce apparent recovery rates compared 
to high-concentration laboratory tests.

The recovery calculation was based on a statistical 
mass-to-particle-count conversion approach. Counting 
the spiking material by particle-by-particle was not fea-
sible due to MP overlay in 3D LSCM images (Fig. SI2), 
particularly for size classes < 100  μm. Volume quanti-
fication of the spiking material was performed on a flat 
background (microscopy cover slip) to derive a statisti-
cal estimate of individual MP particles. The estimation 
is based on the volume distribution of a representative 
number of MPs characterised as individual particles per 
polymer type and size class (Tab. SI5). Natural variabil-
ity in particle size and shape introduces uncertainty into 
particle number estimates, particularly for smaller size 
classes. In addition, non-spherical particle geometries, 
such as fibrous MPs, may deviate from idealised size clas-
sification and sieving behaviour, potentially introducing 
further uncertainty in the mass-to-particle count con-
version. Similar methodological challenges have been 
reported in other studies. Empirical models to estimate 
particle numbers were used, based on the assumption of 
spherical particles [38], shape-dependent volume estima-
tions [79, 80] or particle counters [37].

Reliable size detection limits detection represents 
another critical validation parameter. The developed 
workflow enables reliable quantification down to 53 μm. 
MPs down to 11  μm were detectable but not reliable 
quantifiable due to low recoveries. In comparison µ-FTIR 
reports reliable limits around 100 μm using µ-FTIR [80], 
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while possible detection limits down to 10  μm have 
been described [41]. Microscopy-based approaches 
reports reliable down to 63  μm with video microscopy 
[20], 49 μm [81], 30 μm [82], and 35 μm [3] with Stereo-
microscopy, and 20  μm with fluorescence microscopy 
[37]. Thus, the achieved reliable quantification limit of 
53 μm places the method within the competitive range of 
advanced microscopy-based approaches.

Direct laboratory cross-validation with established 
spectroscopic methods is constrained by methodologi-
cal differences. Spectroscopic approaches such as µ-FTIR 
and µ-Raman typically require extensive SOM purifi-
cation to obtain reliable spectra [40, 41]. The present 
extraction strategy intentionally avoided oxidative diges-
tion to preserve surface morphology and minimise chem-
ical alteration, thereby limiting direct compatibility with 
spectroscopy-based validation. The inclusion of black 
LDPE further complicates µ-FTIR and µ-Raman valida-
tion [43, 45, 47]. ATR-FTIR was not applicable due to the 
small MP size (< 500 μm) [3, 41, 43], and while Pyr-GC-
MS could confirm total polymer mass, it would not pro-
vide particle-resolved validation [35]. Instead, validation 
was performed by morphological comparison of detected 
MPs with the original spiking material. A similarity anal-
ysis based on PCA incorporated surface and morpho-
logical descriptors, including a size-related parameter. 
Colour information was excluded because MPs detected 
in soil partially adopted soil-associated optical character-
istics and were therefore not directly comparable to spik-
ing material.

The similarity assessment showed predominantly rea-
sonable similarity across MP–soil spiking combinations, 
with only two cases presenting weak similarity (Table 5) 
and none showing absence of similarity. This supports 
that the detected objects correspond structurally to the 
intended spiking material. While morphological simi-
larity cannot replace chemical identity confirmation, it 
provides robust particle-level validation within the non-
destructive workflow. Future applications may integrate 
selective spectroscopic confirmation on representative 
subsamples.

The extraction workflow relies on mechanical disper-
sion (shaking, ultrasonication at 720  J ml− 1, centrifuga-
tion, freezing) and density separation using ultra-pure 
water. Ultrasonic energies above 60  J ml− 1 are known 
to disturb POM [75], and although the same or higher 
energy densities have been reported in other studies 
(720  J ml− 1 [83]; 21600  J ml− 1 [81]; 105600  J ml− 1 [84]), 
the effects on MP surface properties remain insuffi-
ciently quantified [46]. Alternative approaches include 
freeze-drying for gentle but more time-intensive (24  h) 
dispersion [41] or chemical oxidation to remove SOM 
[15, 37, 40]. However, oxidative treatments may reduce 
recovery rates for light-density MPs [20] and can induce 

chemical or thermal alteration [49]. Zinc chloride den-
sity separation is widely used [20, 37, 41, 80], but may 
cause corrosion of polymer surfaces [40, 44]. Instead of 
using zinc chloride for density separation, non-corrosive 
high-density salt solutions could be used, such as sodium 
chloride [54], calcium chloride [54], sodium bromide [3, 
85], and sodium iodide [86], or ultra-pure water [38, 81, 
87]. This study focused on light-density MP polymers 
(PP and LDPE), and using ultra-pure water, the present 
workflow avoids oxidative and corrosive reagents while 
enabling hazard-free extraction. However, it remains 
limited to light-density polymers and may induce mod-
erate mechanical surface modification, as indicated by 
increased fractal dimension.

Overall, the developed workflow provides hazard-free 
extraction, colour-explicit validation, and automated 
morphological analysis under environmentally realistic 
conditions, while achieving competitive recovery per-
formance for transparent and black light-density MPs in 
agricultural soils.

Complement existing methods
The developed 3D LSCM workflow complements estab-
lished spectroscopic approaches by adding quantitative 
surface and morphological characterisation at the par-
ticle level. While techniques such as ATR-FTIR, µ-FTIR, 
µ-Raman provide polymer identification at the particle 
level, they do not deliver systematic quantitative surface 
descriptors. Although specific µ-Raman is principally 
capable of three-dimensional mapping [45], its appli-
cation to soil matrices remains limited and has not yet 
been systematically used for quantitative surface char-
acterisation of MPs in soils. The presented workflow 
enables automated extraction of surface roughness (Sa, 
Sq, Rz), and surface complexity (fractal dimension, SSA, 
SAR) parameters directly from 3D height data. Surface 
morphology is recognised as relevant for environmen-
tal interactions and ecotoxicological effects [34, 76, 77]. 
Although SEM is frequently used for qualitative surface 
imaging of MPs, quantitative surface metrics are rarely 
extracted. The morphological parameterisation imple-
mented here provides a reproducible and structured 
approach to surface quantification that could be comple-
mented by SEM-based validation in future studies. The 
current workflow was trained explicitly for transpar-
ent and black MPs. Extension to additional MP colours 
would require expansion of the labelled training dataset. 
Increasing annotation diversity would improve generalis-
ability across heterogeneous soil matrices. Furthermore, 
implementing advanced segmentation architectures, 
such as U-Net-based deep learning approaches, may 
enhance pixel-level discrimination in complex matrices 
and further improve the detection of small or weathered 
particles.
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The extraction procedure was optimised for light-
density polymers such as LDPE and PP, using ultra-pure 
water to avoid oxidative or corrosive substances and to 
preserve surface integrity. Adaptation to higher-density 
polymers (e.g., PET, PVC, tyre wear particles) would 
require modification of the density separation step. While 
heavy-salt solutions can enable separation of denser 
polymers, they may also extract larger fractions of SOM, 
particularly in soils with high POM content, thereby 
increasing matrix complexity and potentially requiring 
additional purification steps. Pretests revealed limita-
tions when combining saturated sodium chloride or cal-
cium chloride solutions with the freezing step required 
for clean phase separation after centrifugation [88–90]. 
At − 24.25 °C, saturated sodium chloride crystallised and 
formed hydrohalite ice mixtures [91] that interfered with 
separation and automated detection, whereas saturated 
calcium chloride did not freeze under these conditions. 
These physicochemical constraints must be consid-
ered when adapting the workflow to heavier polymers. 
In addition, the cellulose filter is not perfectly planar, 
which may influence the volume estimation of MPdet due 
to local surface waviness. Adaptation to flatter or spec-
troscopically compatible filter materials would improve 
volume quantification and further facilitate sequential 
morphological and chemical validation within a uni-
fied analytical pipeline. Overall, the developed workflow 
complements existing analytical methods by combining 
hazard and corrosive-reduced extraction, colour-explicit 
detection, automated morphological analysis, and quan-
titative surface characterisation under environmentally 
realistic conditions. Its integration into multi-method 
analytical strategies may enhance both robustness and 
informational depth in MP assessment of agricultural 
soils.

Conclusion
The developed workflow enables automated detection 
of transparent and black light-density MPs (LDPE and 
PP) in agricultural soils and fulfils the core objectives 
defined in this study. Using a corrosion- and oxidation-
free extraction procedure combined with 3D LSCM, a 
three-step random forest classification, and PCA back-
ground noise correction, reliable detection was achieved 
for MPs ≥ 53 μm, which represents the current size limit 
for reliable quantification. For MP particles in the size 
range 53–250 μm and fibres (~ 1000 μm length), a mean 
recovery of 80% ± 28% was obtained in the sandy (S2) 
and silty (S3) soils with low to medium POM content. 
Performance decreased in the soil with high POM con-
tent and for smaller MP sizes, confirming that detection 
robustness declines with increasing matrix complex-
ity and decreasing MP sizes, consistent with H2. Detec-
tion of MPs down to 10.88 μm (4 pixels; minimal length) 

was technically feasible. However, recoveries for MPs 
11–53 μm were not sufficient for reliable quantification. 
Across all matrices, fractal dimension increased after 
extraction compared to the spiking material, suggesting 
moderate surface alteration. While the individual con-
tributions of shaking, ultrasonication, centrifugation, 
and freezing cannot be isolated in the present work-
flow, MP morphology remained sufficiently preserved to 
enable classification and surface quantification ≥ 53  μm. 
Hypothesis H1 is therefore only partially supported, 
as morphological preservation depends on dispersion 
and separation conditions. A central advancement of 
the workflow lies in the quantitative integrations of 3D 
morphological descriptors. The method enables auto-
mated data analysis of MP size, 3D shape, volume, sur-
face roughness (Peak-to-Valley Height (Rz), Arithmetic 
Average Surface Roughness (Sa) and Root Mean Square 
Height (Sq)) and surface complexity (fractal dimension, 
specific surface area, surface area ratio). Surface proper-
ties substantially enhanced MP discrimination from soil 
organic and mineral particles, supporting H3 and dem-
onstrating that size-independent morphological and sur-
face descriptors form the primary basis of classification. 
Colour information improved pixel-level discrimination, 
particularly for transparent MPs. The developed work-
flow allows processing of 100 g (soil < 2 mm) samples in 
approximately three days without extensive SOM purifi-
cation or hazardous substances. By combining oxidative 
and corrosive free extraction, automated classification, 
and particle resolved 3D surface quantification under 
environmentally realistic spiking concentrations, the 
method provides a time-efficient and cost-conscious 
alternative to workflows requiring chemical oxidation 
and (semi-)manual particle analysis. Although currently 
limited to light-density polymers due to the applied den-
sity separation and limited to high POM contents under 
oxidative-free sample preparation, the developed work-
flow represents a significant step towards surface-prop-
erty-resolved, automated MP assessment in agricultural 
soils. Reliable quantification (MPs ≥ 53 μm) was achieved 
in soils with low to medium POM without oxidative or 
corrosive purification. Integration with complemen-
tary spectroscopic or thermoanalytical techniques may 
further enhance polymer specificity while preserving 
the added value of quantitative particle-level surface 
characterisation.
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