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A B S T R A C T

Spectroscopic detection methods are considered the gold standard in microplastic research, but they are not yet 
fully standardized. Results, such as numerical concentrations from different studies, are often reported and 
compared without considering all the relevant factors during the analysis process that may influence these 
concentrations. For the first time, we quantify the influence of both the sieve mesh sizes used during laboratory 
microplastic extraction and the choice of objective (4×, 15×, or 25× magnification) in μFTIR analysis on 
microplastics number and mass concentrations in suspended solids samples from two Dutch rivers. A high- 
resolution μFTIR objective and thus lower size detection limit enhances the detection of particles just above 
this limit, thereby increasing the total number of detected particles. Size distributions captured with a 4×
objective (20.6 μm pixel resolution) differed significantly from those with a 15× (5.5 μm) and 25× objective (3.3 
μm), while the results for the 15× and 25× objectives were more comparable. Using the 15× objective appears to 
be a reasonable choice, as lowering the detection limit further would only marginally improve results while 
significantly increasing workload.

During extraction, sieves with mesh sizes of 20 μm and 5 μm did not produce sharp size cut-offs. By applying 
cascade filtration, it was possible to determine whether the actual size boundaries of the retained particles 
matched these nominal limits. Our findings indicate that 14–38 % of the particles are nominally either too large 
or too small to be retained by a given sieve mesh size. Due to negligible differences for polymer type and size 
distributions found on the 20 and 5 μm sieves, the 20 μm sieve is recommended for an improved time efficiency 
in microplastic analysis.

To further improve comparability across studies, we recommend expanding datasets as measured here so that 
read-across techniques can be developed, allowing conversion between the diverse resolutions and mesh sizes 
applied.

1. Introduction

The abundant presence of microplastics in the biosphere is one of 
today’s biggest environmental problems, potentially affecting both 
environmental and human health [1]. Microplastics have been found in 
air, soil, and water systems, with their number concentrations increasing 
as microplastic sizes decrease [2–5]. As plastic production continues to 
rise, and the release of plastic to the environment persists, there is an 
increasing societal need for monitoring and risk assessments of these 
hazardous particles [6]. Consequently, there is an urgent need for data 

on microplastic abundances and characteristics, such as size and shape 
distributions, mass, and polymer identifications, which are essential for 
ecological and human health risk assessments [7–10].

To detect these particle characteristics, spectroscopic methods like 
μFTIR or Raman are preferred because they measure polymer particles 
in their native state. For Raman or μFTIR-based particle mass concen
trations, which are also needed for monitoring and time trend analysis, 
improved (e.g., AI-based) models have become available that translate 
2D particle size and shape data into accurate estimations of 3D particle 
volumes and masses [8,11,12]. To enable risk assessments, this particle 
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data is often presented as probability density functions (PDFs), which 
constitute an important measurement target alongside basic data such as 
particle numbers, sizes, and masses [1,13].

To date, μFTIR spectroscopy is the most used analytical technique in 
microplastic research. Significant components such as background 
contamination, recovery rates, blank correction procedures, polymer 
identification, subsampling from Anodisc filters, and mass estimation 
models have received considerable attention in the literature [3,11,12,
14–16]. However, the implications of other analytical choices, such as 
the selection of microscope objectives or filtration conditions, for tar
geted particle sizes and characteristics have not been systematically 
researched. These aspects, however, are crucial as they determine the 
size detection limit of the instrument and the method, respectively.

Advanced μFTIR instruments can have different size detection limits, 
depending on the objective and settings used. For instance, for the 
Agilent Cary 620 FPA-μFTIR system, one can choose pixel resolutions of 
3.3, 5.5, or 20.6 μm, applying a 25×, 15×, or 4× objective, respectively. 
These are the instrument detection limits. Often, the 4× objective is used 
as it shortens the measurement time, but the added value of using a 
higher resolution is unclear because direct comparisons have not yet 
been made. Knowledge about microplastics <20 μm is limited in gen
eral, and there is a need for quality data in this size range to better 
understand the occurrences and risks of such small microplastics. So far, 
presented microplastic size distributions are often extrapolated to below 
studies’ detection limit [17], an approach that may be validated by 
measuring particles down to 3.3 μm on the same filter. Until now, it 
remains unclear to what extent microplastic abundances measured at 
such fine resolutions can be predicted from measurements taken at a 
lower resolution.

Prior to analysis, single or cascade filtration steps are commonly 
performed to extract microplastics from various sample matrices. These 
steps can be considered to determine the method particle size detection 
limits. Until now, method size detection limits are often specified as 
nominal limits based on the sieving mesh size used. However, it has not 
yet been evaluated how well the actual size boundaries of the isolated 
particles align with these nominal limits.

Given these research gaps, the aim of this method development study 
is to evaluate the effects of applying different μFTIR objectives (instru
ment size detection limit) and different sieve sizes (method size detection 
limit). The framework for interpretation is the extent to which these 
choices, in addition to the size detection limit itself (e.g., 3.3; 5.5; 20.6 
μm), influence the distributions of particle characteristics such as size, 
volume, and polymer distribution. The latter was done for particle 
numbers, but also for their estimated masses [11].

These research objectives can be investigated using different types of 
samples taken from environmental compartments. Here, we chose sus
pended solids sampled with a sediment box in the Dutch part of the 
rivers Rhine and Meuse [18,19]. Microplastic abundances and charac
teristics were determined using μFTIR imaging and automated image 
analysis [20–22] following previously published QA/QC criteria [3,23]. 
Samples were analysed using different μFTIR resolutions, i.e., instru
ment size detection limits of 3.3, 5.5, and 20.6 μm, corresponding to 
25×, 15×, and 4× objectives, respectively, and isolated using cascade 
filtration over 20 and 5 μm mesh sieves.

2. Methods

2.1. Sampling

Eight suspended matter samples were analysed (Table S1), which 
were kindly provided by Rijkswaterstaat (The Netherlands). They were 
collected using a sediment box (Fig. S1). The detailed procedure is 
outlined elsewhere [19] and is briefly summarized here. A submersible 
pump was positioned at a depth of 10 cm below the water surface and 
operated at a controlled flow rate of 4 L per minute. Water was pumped 
into and through the stainless-steel sediment box (40 × 25 × 30 cm). 

Inside the box, suspended particles, including microplastics, were 
captured by vertical partitions. Sediment boxes were deployed at two 
different monitoring stations and remained in place for approximately 
four weeks allowing 150–167 m3 of surface water to flow through the 
boxes. Two samples were from the river Meuse, taken in Eijsden (M − 1 
and M − 2), and four samples were from the river Rhine, taken in Lobith 
(R-1, R-2, R-3, R-4).

Upon retrieval from the field, the sediment boxes were carefully 
opened in a controlled laboratory environment. The suspended matter 
from each sediment box was transferred to glass bottles for storage, with 
total dry weights ranging from 157.1 to 1727.4 g (see Table S1). These 
bottles were well shaken to homogenize samples after which subsamples 
of approximately 50 g were taken for further analysis. Additionally, 
subsamples from samples M − 1 and R-4 were spiked (S-1, and S-2 
respectively) with polymer standards made of polyethylene (PE), poly
propylene (PP), polyethylene terephthalate (PET) and polystyrene (PS) 
of varying sizes and concentrations (see Table S2 and S3).

It should be noted that the sampled microplastics were not intended 
to be representative of the actual river microplastics load. As buoyant 
particles at the water surface were not sampled, and the microplastic 
sampling efficiency of sediment boxes is known to be low [18,19].

2.2. Sample preparation

The extraction of microplastics from the suspended matter samples 
followed the protocol by Mintenig et al. [24]. First, the dried suspended 
matter samples were inspected for larger materials (e.g., visible parts of 
plant leaves) and then thoroughly shaken. Subsequently, 2.5 g of each 
sample was taken for microplastic extraction using a metal spoon, while 
avoiding sampling solely from the top layer. The sample weight was kept 
relatively low to minimize filter clogging, as we were interested in 
microplastic sizes down to 5 μm, and because representative sampling of 
the water systems was not the main objective of this method develop
ment study.

Subsequently, prefiltered SDS (5 %), KOH (12.5 %), and H2O2 (30 %) 
were added sequentially, followed by a density separation using a pre
filtered ZnCl2 solution (1.6 g/cm3). Before the addition of each new 
chemical, the samples were sequentially filtered through 20 μm and 5 
μm mesh metal sieves and rinsed with filtered deionized water. Residues 
on the two sieves were directly immersed in the subsequent chemical 
solution in separate beakers. After completion of all digestion and 
density separation processes, they were filtered separately on 
aluminium oxide filters (Whatman Anodisc™ 25, pore size 0.2 μm). 
Each size fraction per sample was divided across 2–5 Anodisc filters, 
resulting in a total of 50 filters (see Table S4). All filters were fully 
scanned using the 15× objective of the μFTIR. Additionally, full-surface 
scans were performed for 10 of these filters using the 4× and 25×
objective as well (Table S5). Results are presented for the 20 and 5 μm 
sieves individually and in combination.

2.3. Microplastic identification and quantification

The samples were analysed on a μFTIR imaging system with a 128 ×
128 FPA detector (Agilent Cary 620, Santa Clara, USA). The 15×
objective (pixel resolution of 5.5 μm) was used for all samples, while 10 
of the 50 filters were analysed additionally with the 4× and 25×
objective, with a pixel resolution of 20.6 μm and 3.3 μm respectively. 
Generated μFTIR data were analysed using two software tools, siMPle 
(v1.0.1) and MPAPP (v1.1.1) [25], in combination with the reference 
database [22] (https://simple-plastics.eu/). After manual checking 
identified spectra, polymer-specific thresholds were adapted partially 
before completing the MPAPP analysis (see Table S6).

Microplastic abundances are presented as numbers of particles per 
kilogram dry suspended matter (particles/kg dw). Additionally, micro
plastic masses (M) were calculated using average polymer densities 
(Table S6) and the model by Chen et al. [11], which estimates the 
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microplastic volumes based on their length (L), width (W), and area (A): 

M= ρA × 0.144
̅̅̅̅̅̅̅̅̅̅̅̅̅
L × W

√
(1) 

Following Kooi et al. [13] we present microplastic size distributions 
by fitting log-transformed power laws on individual and combined 
sample data using RStudio (2022.02.01 + 461). We further explored 
differences in microplastic abundances, sizes and polymer types when 
applying different μFTIR objectives (size detection limit) and different 
sieve sizes (method size detection limit) using Origin 2018. As individual 
datasets were not normally distributed, we calculated the Wasserstein 
distance (WD) which is a measure of the distance between two proba
bility distributions [26,27]. 

WD=

∫ ∞

− ∞
|F̂(x) − Ê (x)| dx (2) 

where F(x) and E(x) are cumulative distribution functions (CDFs) of two 
probability distributions being compared. A smaller value indicates that 
the distributions are more similar, while a larger value suggests greater 
differences between the distributions. T-tests were performed to test this 
statistically.

2.4. Quality assurance and quality control

This study followed the QA/QC recommendations provided when 
extracting microplastics from sediments [23] and freshwaters [3] (see 
Table S7). In summary, all equipment and containers were cleaned and 
rinsed with ultrapure water. In the laboratory, cotton clothing and lab 
coats as well as nitrile gloves were worn, all sample processing steps 
were performed in a laminar flow cabinet, all chemicals were filtered 
before usage, and lab surfaces were cleaned with ethanol. A recovery 
rate of 81.5 ± 0.7 % (n = 3) was determined using polydispersed PE 
spheres of 10–180 μm (Cospheric, United States), which are similar in 
size to the targeted microplastics (see Table S8). All reported concen
trations were adjusted for this recovery rate. To determine background 
contamination, three procedural blanks were analysed in parallel with 
the actual samples. Average blank counts and masses for each polymer 
type and each 100 μm size bin were subtracted from the corresponding 
microplastic findings in individual samples (Table S13–16). Addition
ally, we present the limits of detection (LOD) and limits of quantification 
(LOQ) values calculated for each polymer based on the microplastics 
detected in the blank samples. The LOD ranged from 0 to 5.02 × 104 

particles/kg dw and 0 to 4.80 × 10− 3 g/kg dw (see Table S9 and S10), 
while the LOQ ranged from 0 to 1.67 × 105 particles/kg dw and 0 to 
1.60 × 10− 2 g/kg dw (see Table S11 and S12). Given the analytical 
nature of this study and the fact that representatively assessing envi
ronmental concentrations was not the main aim, we were less strict in 
adhering to the criteria of sample size and in-site variability.

3. Results and discussion

3.1. Microplastics in suspended solids

3.1.1. Microplastic abundances
Although determining riverine concentrations was not the primary 

objective of this study, we report microplastic abundances based on 
measurements conducted using the 15× objective. This enables mean
ingful comparisons with findings from other studies as well as among 
our own samples. After subtracting polymer and size specific mean 
values obtained from the three blanks, microplastic number concen
trations in the samples ranged between 5.55 × 104 and 7.00 × 105 

particles/kg dw in Lobith, and between 7.34 × 105 and 1.38 × 106 

particles/kg dw in Eijsden (Fig. 1a). Microplastic mass concentrations 
ranged between 1.95 × 10− 4 to 2.60 × 10− 2 g/kg dw in Lobith, and 1.18 
× 10− 2 to 2.16 × 10− 2 g/kg dw in Eijsden (Fig. 1b). The majority of 
findings are above the polymer specific LOQ, or at least above the LOD. 

For specific polymers with low and comparable numbers to the blank 
samples, results fall below the LOD (Table S10 and 12).

Comparing these concentrations with other studies is challenging for 
several reasons. First, sample volumes used in this study were likely too 
small to be fully representative of the actual river microplastic load. 
Second, typically studies express microplastic concentrations per cubic 
meter of water. Extrapolating from suspended solid amounts to cubic 
meters would, however, be highly inaccurate as sampling efficiencies of 
these sediment boxes is known to be low and variable and has not yet 
been quantified for different microplastic sizes and densities [18,19]. 
Only one study on suspended matter exists to date, which sampled at the 
same location but used even lower sample volumes and a less advanced 
μFTIR system [28]. This could thus partially explain why their number 
concentrations were 1–3 orders of magnitude lower.

3.1.2. Microplastic size distributions
All samples exhibited a consistent trend of higher microplastic 

numbers with decreasing particle sizes. Power laws were fitted to 
microplastic length data for individual samples measured with the 15×
objective, as well as for combined data (Fig. S2). In Lobith, the power 
law exponents (alpha) ranged from 2.74 (sd 0.43) to 3.47 (sd 0.39), with 
a mean value of total samples as 3.89 (sd 0.36). In Eijsden, the exponents 
were 2.40 (sd 0.22) and 3.67 (sd 0.73) with a mean value of total 
samples as 3.19 (sd 0.58). The minimum sizes for which these power law 
distributions were applicable ranged from 37.6 (sd 12.9) μm to 92.1 (sd 
18.6) μm in Lobith, and from 35.4 (sd 18.0) μm to 90.2 (sd 34.9) μm in 
Eijsden. Given the uncertainty in the power law slopes, the difference in 
distributions for the two locations cannot be considered statistically 
significant (p = 0.99). When combining all data, we found an average 
alpha value of 3.65 (sd 0.21), applicable down to a minimum size of 
118.0 (sd 14.1) μm. This exponent is higher than the previously reported 
power-law exponent for the particle size distribution in riverine surface 
water, α = 2.64 ± 0.01 [13]. The power law slope of 2.64 pertained to 

Fig. 1. Microplastic concentrations in samples of riverine suspended matter in 
the Meuse (M) and the Rhine (R), represented as (a) number concentrations and 
as (b) mass concentrations. Polymers with number shares >10 % are specified 
individually, while those with smaller shares are grouped as ‘Other’.

S. Wang et al.                                                                                                                                                                                                                                   Talanta 296 (2026) 128417 

3 



different water systems, sampling methods, and a distinct matrix (water 
versus suspended solids), which limits direct comparability. Addition
ally, one possible explanation is that, given the detection limit of 5.5 μm, 
smaller particles are being detected than in previous studies. These 
variations could also be influenced by the sediment box’s varying 
retention capacity, which depends on particle size [18]. Additionally, 
larger plastics, which typically float at the water surface, are likely 
underestimated as they are less commonly found at a depth of 10 cm. 
Another possibility is that there is indeed a difference in the distribu
tions due to a variation in microplastic sources, polymer composition, or 
fragmentation mechanisms.

3.1.3. Polymer types
In total, 25 different polymer types were identified. Based on 

microplastic number concentrations, predominantly PE (19 %), PP (20 
%), ethylene propylene diene monomer (EPDM) rubber (13 %) and PS 
(11 %) were detected (Fig. 1a). Based on mass, the shares of PP (39 %), 
PE (32 %), and PS (18 %) were even higher, whereas the share of EPDM 
was only 1 % indicating that identified particles were typically rather 
small (Fig. 1b). Finding predominantly PE and PP in aquatic environ
ments is common for studies and is associated with their high production 
volumes and widespread daily use [24,29,30]. Our results further 
confirm that polymer diversity is high when examining microplastics 
smaller than 300 μm [24,31].

3.2. Implications of method- and instrument-based size detection limits

3.2.1. Instrument-based size detection limit

a. Microplastic abundances

The effects of using different μFTIR objectives, and thus different size 
detection limits were investigated by repeating the analysis of ten filters 
using the 4×, 15×, and 25× objectives respectively (Table S5). We chose 
seven filters from environmental samples with varying microplastic 
concentrations, and three filters (filter a, g, h) stemming from spiked 
samples to ensure the inclusion of filters with very high microplastic 
loads and the presence of differently sized particles. Data from two fil
ters (filters d and j) measured with the 25× objective had to be excluded. 
One dataset was compromised due to insufficient cooling of the FPA 
detector during measurement, while the other encountered an error 
during data export, rendering it unusable.

It was expected that measurements with the 25× objective would 
result in the highest microplastic abundances because it has the lowest 
size detection limit and thus, the highest likelihood of ‘hitting’ the 
smaller microplastic particles due to a higher density of measuring 
points. This expectation was confirmed for most of the filters, whereas 
the highest microplastic numbers on two filters (c and f) were deter
mined during the analysis with the 15× objective. It must be considered 
that on filter f, particle counts were very low (21 with the 15×, and 16 
with the 25× objective respectively), meaning that any slight variability 
in findings appears more pronounced on a relative abundance scale. In 
addition to discrepancies in particle numbers, mass results also deviated 
strongly for filter c. This is likely an effect of sample handling, specif
ically the process of removing this filter from the μFTIR instrument and 
subsequently reintroducing it for analysis on another day. This handling 
may have caused the loss of numerous large polypropylene (PP) parti
cles before analysis with the 25× objective, as well as potential effects 
on smaller particles, which were also affected and lost during the 
process.

Overall, the 15× objective identified 74 ± 47 % of the abundances 
detected with the 25× objective. As expected, the 4× objective always 
found the lowest abundances of microplastic. Even more, on three out of 
the ten filters examined with the 4× objective no microplastics were 
found at all (filters e, f and j). Comparing microplastic numbers to the 
findings of the 25× objectives, the 4× objective identified only 3 ± 3 % 

of the abundances (Fig. 2a). It is unsurprising that results from the 4×
objective deviate the most, and that the 15× and 25× objectives are 
more similar to each other given that the densities of measurement 
points are more comparable (with resolutions of 5.5 μm and 3.3 μm, 
respectively), whereas the 4× objective has a much coarser resolution of 
20.6 μm. Microplastic abundances are expected to increase as particle 
size decreases, but due to analytical limitations of the 4× objective, little 
is known about this trend below 20.6 μm. It is evident, however, that 
comparing results from the 4× and 25× objectives without accounting 
for microplastic size differences is inaccurate and requires adjustment. 
In the next step, we therefore excluded all microplastics smaller than 
20.6 μm (the 4× objective’s detection limit), from the data obtained 
with the 15× and 25× objectives (see Fig. S3). After this correction, the 
15× objective identified 111 ± 51 % of the particle numbers detected by 
the 25× objective (99 ± 42 % if excluding filter c with its particle loss 
from improper handling), while the 4× objective now identified a higher 
share of 10 ± 9 %. Overlooking so many particles with the 4× objective 
indicates that the actual detection limit is higher than the nominal in
strument detection limit of 20.6 μm. With the majority of microplastics 
remaining undetected, the 4× objective seems too unreliable for 

Fig. 2. Comparison of the relative number of microplastic particles detected on 
Anodisc filters, using the 4×, 15× and 25× objectives, respectively. The 
number of particles detected with the high-resolution 25× objective was set at 
100 %. Microplastics numbers (a) and masses (b) of the 2 other objectives are 
shown relative to what was found with the 25× objective (due to a measure
ment error, 25× data for filters d and j were not available, red dashed line). 
Fig. S3 displays a similar plot after excluding all microplastics <20.6 μm, thus 
focusing only on the overlapping size range.
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quantitative analysis. The 15× objective, however, appears to be a 
reasonable alternative, as it offers significantly faster measurement 
times and smaller file sizes compared to the 25× objective, facilitating 
more efficient data handling and processing.

In addition to particle counts, mass estimates are also important. We 
found that mass estimates based on the 15× objective data generally 
were very similar to the ones from the 25× objective (a, f, g, i) or clearly 
exceeded these estimates (filter c, e, h) with an overall average of 229 ±
254 % (Fig. 2b). This, however, would be 147 ± 112 % when excluding 
filter c. The loss of big PP particles (200–425 μm), as previously 
mentioned, caused the highest deviation of mass estimates. Any mistake 
in sample handling makes direct comparisons less ideal, because this 
could cause microplastics to shift or even dislodge from filters, poten
tially contributing to some of the observed discrepancies. When 
excluding PP from the mass analysis of filter c, we found that the 15×
objective measured 187 % (instead of 802 %) of the mass detected by the 
25× objective. This deviation might still be attributable to improper 
handling, which could have altered microplastic abundances on the 
filter.

Only for one filter, the mass estimates from the 15× objective were a 
fraction (8 %) only of what was determined with the 25× (filter b). 
Though this deviation remains unexplained, it could be related again to 
limited instrument availability causing measurements to be conducted 
on different days (25× first, then 15×), requiring additional handling 
and replacing of the filter.

For the 4× objective, we found 17 ± 18 % of the mass concentration 
measured with the 25× objective, which is higher than the estimation in 
terms of number calculations, but still shows considerable deviation. 
After excluding microplastics smaller than 20.6 μm, mass estimates 
obtained with the 4× objective were still 17 ± 18 % of those obtained 
with the 25× objective. In comparison, the 15× objective identified 
masses at 231 ± 256 % of the 25× objective estimates, which reduced to 
149 ± 116 % when the filter c was excluded. 

b. Size distribution

Comparing the microplastics’ cumulative length distributions on all 
filters measured with the three objectives confirms an increased pro
portion of small particles detected at higher pixel resolutions (Fig. 3).

During analysis, the smallest detectable particle sizes are constrained 
by the size of a single pixel. After all, size estimates for these particles 
become binary, with dimensions restricted to integer multiples of the 
pixel resolution. This resolution-dependent artefact is particularly 
evident when size distributions are plotted on a logarithmic scale or 
represented as smooth lines. These findings underscore the necessity of 

careful interpretation of size data in μFTIR-based microplastic analyses. 
They further highlight the critical importance of addressing resolution- 
induced biases to ensure accurate characterization of particle size 
distributions.

As mentioned earlier, including the entire size range of microplastics 
in such a comparison will thus inevitably lead to variations, especially 
for the smallest particle sizes. This issue can be partially mitigated by 
only considering a restricted, constant size range across all objectives. 
However, differences within this adjusted size range could still arise, for 
example, if a cluster of particles is separated into individual particles by 
the 25× objective, whereas the 4× objective might detect them as a 
single particle. To evaluate differences in size distributions across 
different objectives from the perspective of the same size range, we 
examined density plots for the full-size range of microplastics length that 
were found by the objectives (Fig. 4 & S4).

We determined the WD as a measure of the difference between all 
pairs of these probability distributions when measured with different 
objectives and ran t-tests to test if the differences were statistically sig
nificant. A smaller WD value indicates that the distributions are more 
similar, while a larger value suggests greater differences between the 
distributions. For more samples, statistically significant differences were 
observed between the 4× and the other objectives, suggesting that the 
particle distributions captured at the lowest magnification differ sub
stantially from those obtained at higher magnifications (Table S17).

We calculated the WD for the full-size range of plastics and a cor
rected range that excludes all particles smaller than 20.6 μm. For the 
full-size range, WD for 15× vs. 25× objectives ranged from 4.6 (p =
0.99) to 25.4 (p = 3.2 × 10− 71). In contrast, the WD were considerably 
higher when involving the 4× and ranged from 21.6 (p = 0.008) to 65.6 
(p = 4.0 × 10− 44) for the 4× vs. 15× comparison, and from 33.7 (p =
0.003) to 84.8 (p = 4.2 × 10− 28) for the 4× vs. 25× comparison 
(Table S17). This demonstrates that the length distributions measured 
with the 4× objective consistently differ from those measured with the 
15× and 25× objectives. After excluding again all microplastics smaller 
than 20.6 μm, the WD values became smaller and ranged from 1.8 (p =
0.78) to 27.3 (p = 0.26) for the 15× vs. 25× comparison, from 7.2 (p =
0.98) to 39.4 (p = 6.2 × 10− 10) for the 4× vs. 15× comparison, and from 
6.2 (p = 0.64) to 30.3 (p = 2.8 × 10− 4) for the 4× vs. 25× comparison, 
respectively. This indicates greater similarity in the aligned microplastic 
size range and supports the hypothesis that higher magnification in
creases the number of detected particles by lowering the particle size 
detection limit, as greater variability was observed specifically in the 
regions between different size detection limits. Moreover, it is unsur
prising that the largest detected particle sizes deviate the most for the 4×
objective (801 μm), whereas the 15× (1793 μm) and 25× (1691 μm) 
objectives yield more comparable results. This similarity arises because 
the 15× and 25× objectives have closer magnifications, resulting in 
similar fields of view and spatial resolutions (5.5 μm and 3.3 μm, 
respectively). Consequently, these higher-magnification objectives can 
detect smaller details with greater precision, reducing discrepancies 
between their measurements. In contrast, the lower magnification of the 
4× objective results in a larger field of view and poorer spatial resolu
tion, making it less sensitive to smaller particles and causing greater 
deviations in maximum detected particle size compared with the higher 
magnifications. 

c. Polymer type

Regarding the types of polymers identified, PP and PE were pre
dominant in both number concentration and mass concentration 
(Fig. S6). The 25× objective detected the highest polymer diversity, with 
notably increased ‘Other’ and ‘Rubber’ categories, suggesting these 
polymers may comprise smaller particles that are more effectively 
detected under higher magnification. Examining a spiked sample (filter 
a), which clearly contained a high proportion of relatively large PP 
particles, revealed that the size distributions for PP were substantially 

Fig. 3. Cumulative length distributions for all microplastics detected on 
different Anodisc filters using the 25×, 15× and 4× objectives, respectively.
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different (WD for the 25× vs. 15× comparison was 31.4 (p < 2.2 ×
10− 16)). However, the WD for the full and aligned size range improved 
only slightly (WD for the 25× vs. 15× comparison was 6.4 (p = 0.50)). 
Meanwhile, EPDM particles, being much smaller, were largely over
looked by the 4× objective (Fig. S5). With increased magnification, 
considerably more EPDM particles were detected. As magnification 
increased with the 15× and 25× objectives, smaller ‘Rubber’ particles, 
such as EPDM, became increasingly visible, resulting in a less uniform 
particle size distribution (WD for the 25× vs. 15× comparison after 
excluding all microplastics smaller than 20.6 μm was 10.5 (p = 0.48)). 
This suggests that the overall particle composition includes a significant 
proportion of smaller fragments, which are identified more effectively at 
higher magnifications.

In mass-based concentrations (Fig. S6), PP dominates considerably 
due to the spiking with polymer standard of up to 300 μm. However, 
when spiked filters are excluded, PP is less dominant (e.g., number- 
based for 25× decreases from 40 % to 19 %) while the mass-based 
distribution aligns more closely with the number-based data (e.g., 
mass-based for 25× decreases from 96 % to 73 %).

3.2.2. Method-based size detection limit

a. Microplastic abundances

By applying cascade filtration through 20 μm and 5 μm filters and 
subsequently analyzing both fractions individually, we explored two key 
aspects. Firstly, the extent to which microplastic abundances can be 
extrapolated from larger to smaller nominal size limits, and secondly, 
the proportion of microplastic particles that are nominally either too 
large or too small for the filter sizes on which they were detected. 
Overall, microplastic abundances were higher in the fraction retained on 
the 20 μm filter. However, the observed particle sizes did not align with 
expectations. Looking at microplastic characteristics on the 5 μm sieve, 
we found between 14 and 39 % of the plastics’ lengths being longer than 
20 μm, which nominally should have been retained on the prior 20 μm 
filter. Conversely, we found between 38 and 75 % of the microplastics on 
the 20 μm filters being smaller than the nominal 20 μm size limit so they 
should have passed through (Fig. S7). The retention of nominally too 
small particles on a filter has been found earlier, and often is attributed 
to sieve clogging, while nominally too large microplastic might have 
passed the filter via their shorter dimension, or because the applied 
vacuum pressure allowed them to pass through more easily [32]. 

b. Size distribution

Microplastic lengths determined on the 20 μm sieves ranged between 
5.5 (instrument detection limit) and 1793 μm, with an average size of 
29.9 μm. Microplastics on the 5 μm filters, after passing through the 20 
μm filter, had a length between 5.5 and 445 μm, with an average length 
of 15.3 μm. To evaluate the size distribution in relation to the method 
detection limit, we compared data from the 20 μm sieve with the com
bined data of the 5 and 20 μm sieves. Per sample, the WD ranged from 
0.23 (p = 0.96) to 7.79 (p = 3.6 × 10− 7). Further, five of the six samples 
had a p value above 0.05, indicating that the identified distributions 
were similar and not significantly different. This observation can be 
attributed to the fact that the 20 μm sieve retained a higher abundance of 
small particles, which dominated the size distribution at both detection 
limits. This suggests that using a 20 μm sieve is a reasonable choice. 
While some smaller particles may be excluded, the resulting size dis
tributions remain highly comparable to those obtained with a lower 
method detection limit. Lowering the detection limit would only 
marginally improve the results but would significantly increase the 
workload during particle extraction. 

c. Polymer type

Regarding the types of polymers identified, PP and PE were pre
dominant in both number-based and mass-based concentrations in the 
environmental, and unspiked, samples (Fig. 5). The order of prevalence 
was similar, with only marginal differences observed between polymers 
retained on 20 μm filters and those on 5 μm filters. The total number of 
polymers identified also differed only slightly, with 24 polymers found 
using the 20 μm sieve, and 18 using the 5 μm sieve. Consequently, using 
the 20 μm sieve instead of the 5 μm sieve can be justified from the 
perspective of representing polymer types accurately.

4. General discussion

In this study, we investigated several options within the spectro
scopic analysis of microplastic particles that have not been previously 
investigated: the choice of the objective of the μFTIR microscope and the 
choice of sieve mesh sizes used during the extraction of particles prior to 
detection. While both aspects affect results, the choice of the μFTIR 
objective appears to have a considerably higher impact on results ob
tained. This is especially relevant because spectroscopic techniques play 

Fig. 4. Microplastics’ length distributions from the analysis of filter a and b using different μFTIR objectives (4×, 15× and 25×). Length distributions of the 
remaining filters can be found in the SI (Fig. S4). Each curve is limited on the left by the nominal detection limit of the instrument: 20.6 μm, 5.5 μm and 3.3 μm 
respectively (vertical red dashed line). The 20.6 μm threshold (vertical red line) is also marked in each plot to estimate the overlapping size ranges. The y-axis 
represents a kernel density estimate of particle sizes. The density is relative to the total number of particles detected, and the area under the curve sums to 1.
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a central role in measuring microplastics for water quality policy and 
management. Although every combination of choices can yield valid 
results with high QA/QC scores, each combination of choices results in 
outcomes that are highly conditional. The results are operationally 
defined and specific to the combination of μFTIR objective and sieve 
mesh size used. This is in addition to other choices, which were not 
specifically investigated here, such as sample volume, sampling method, 
or the blank correction method [3,14].

In earlier research, realignment methods were proposed to bridge the 
gap between the particle size detection limit and the microplastic lower 
boundary of 1 μm [13,17]. These methods assume that measurements 
above that detection size limit are accurate in principle. Here, we show 
that this assumption remains a relative truth. After all, if you perform 
realignments for measurements taken with a 4×, 15×, or 25× objective 
lens, all adjusted to 1 μm, you still may obtain different number con
centrations because differences in resolution above the particle size 
detection limit cause differences in the detected particle counts as well. 
The two phenomena, lower size detection and higher resolution in the 
same size range of the 25× objective compared to the 4× objective, may 
be distinguished as follows. For the full-size range of 3.3–5000 μm, the 
25× objective detected 100/2.80 = 35.71 times higher number con
centration. This factor is partly explained by the 100/9.90 = 10.10 times 
higher number concentration detected with the 25× objective in the 
shared size range of 20.6–5000 μm. This means that the remaining factor 
of 35.71/10.10 = 3.54 may be explained by the lower sizes detected by 
the 25× objective, e.g., sizes below 20.6 μm. The latter difference (ratio 
R) can be compared with the theoretical difference based on the theo
retical detection limits of the objectives, which are 3.3 μm and 20.6 μm, 
respectively [17]: 

R=3.54 =
50001− α − 3.31− α

50001− α − 20.61− α (3) 

which results in a value for α of 1.68. Due to error propagation, this 
estimate remains uncertain, and it is somewhat lower than values re
ported for some natural waters [13], although it is close to the value of 
1.6 reported by Kooi and Koelmans [17].

Choices for the filters or sieves used cause similar differences. We 
show that filtration does not produce a sharp boundary in the size of the 
filtered material. On the one hand, this is due to variation in the mesh of 
the sieves, both native variation and variation caused by filter clogging. 
On the other hand, it is due to the highly polydisperse nature of 
microplastic mixtures [33]. As a result, the reproducibility of filtrations 
is reduced, making the outcomes conditional as well.

5. Conclusions

In this study, microplastics from suspended solid samples collected 
with sediment boxes in the rivers Rhine and Meuse were extracted using 
cascade filtration over 20 and 5 μm sieves, followed by μFTIR analysis at 
different resolutions. Microplastics were detected in all samples, with 
PP, PE, and PS being the predominant polymers, consistent with previ
ous findings.

Characterizing microplastics in environmental samples is influenced 
by both the μFTIR objective (instrument size detection limit) and the 
sieve size used during extraction (method size detection limit). In 
riverine suspended solids, a coarse pixel resolution (20.6 μm, 4×
objective) detected only 3 ± 3 % of the abundances observed at the 
highest resolution (3.3 μm, 25× objective). Additionally, size distribu
tions from the 4× objective differed significantly from those obtained 
with the 15× and 25× objectives, which had more comparable resolu
tions. This suggests that the 15× objective offers a reasonable balance 
between analysis time and accuracy.

The sieve size is often used as a detection limit to extrapolate findings 
to smaller plastics, but this may not accurately reflect particle sizes. We 
found that 14–39 % of microplastics were too large and 38–75 % were 
nominally too small to be retained on a filter. Sequential filtration with 
20 μm and 5 μm filters showed minimal differences in microplastic 
abundance, size distribution, and polymer composition. Hence, the 20 
μm sieve is a practical choice, as further lowering the detection limit 
would offer limited advantages while significantly increasing the 
workload.

Our findings highlight the need for standardized methodologies that 
account for both analytical and methodological detection limits in 
microplastic assessments. Expanding datasets such as this one will help 
develop read-across techniques for converting between different reso
lutions and mesh sizes.
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Fig. 5. Relative polymer abundances determined for the two method-based 
detection limits, considering both number concentrations (a, b) and mass 
concentrations (c, d). Bars representing a detection limit of 5 μm contain the 
sum of particles retained on the 5 μm and 20 μm sieves.
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