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ABSTRACT. An automatic bioaerosol classification system is an attractive alternative to the standard visual identification and
counting of pollen in the standard volumetric method of aerobiological monitoring. While various physical principles can be
used for automatic measurement of the parameters of particles present in the air, the key problem becomes the development
of a classification model based on these data. In particular, practical application of the models becomes challenging due to
the large variability of particles present in real air compared to laboratory experiments in which models are usually trained.
Instead of training the model on data obtained in laboratory conditions, we applied a clustering algorithm to fluorescence
spectra collected during daily measurements in the 2024 season with the Rapid-E+ automatic detector installed at the
monitoring station at Moscow State University. Comparison of the temporal distribution of particles in each cluster with the
seasonal dynamics of eleven pollen types obtained from standard aerobiological monitoring with a volumetric trap at the
same station at Moscow State University shows that some clusters (i.e., fluorescence spectra of specific shape and amplitude)
demonstrate temporal patterns similar to pollen seasons. However, the fluorescence spectra alone are not sufficient for
differentiation of individual pollen types, and they can only provide detection of larger groups of bioaerosols. Interestingly,
the detected larger groups show more diverse seasonal patterns than those observed by volumetric monitoring at the
station at Moscow State University. This result demonstrates that automatic detectors can provide more useful information
on the content and seasonal distribution of bioaerosols compared to standard volumetric methods.
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INTRODUCTION of pollen (Hirst 1952, Galan et al. 2014, Sikoparija et al. 2017,
Buters et al. 2018), but these devices are not able to analyze the

Plant pollen and spores are the main components of  composition of aerosols in real time. Volumetric samples are
biological aerosols and, simultaneously, one of the leading  identified by a microscopic analysis, which is time-consuming,
causes of allergic diseases (pollinosis) (Valenta et al. 1992,  demands specialized expertise, and involves considerable
D’Amato 2000; Sofiev, Bergman 2012; Frohlich-Nowoisky et al. uncertainties (Sauliené et al. 2019, Oteros et al. 2017). These
2016; D’Amato et al. 2017). Allergies reduce the quality of life  problems can be solved with automated aerosol composition
for approximately 25-30% of the global population (Dykewicz ~ analyzers (see An et al. 2024, Kabir et al. 2020, Maya-Manzano et
& Hamilos 2010, Akdis et al. 2015). An essential element of the al. 2020, and Huffman et al. 2019, for review of recent progress
complex of anti-allergic measures is aerobiological monitoring,  in different detection techniques), one of which (Rapid E+, Plair,
which makes it possible to track and predict the dynamics of ~ Switzerland) was purchased under the Moscow State University
the concentration of the main allergens in the atmosphere to ~ development program and installed in early 2022. In this

adjust the therapy and lifestyle of patients with pollinosis. instrument, the technology for measuring the characteristics
Currently, the ‘gold standard” of pollen monitoring is  of particles in the air stream is based on a combination of
the volumetric pollen trap used for detection and counting light scattering for determination of particle morphology, size,
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and velocity, and fluorescence spectroscopy for analysis of
fluorescence spectra.

Recently, Erb et al. (2024), Brdar et al. (2023), Boldeanu et al.
(2022), Sikoparija et al. (2022), Crouzy et al. (2020), Sauliené et
al. (2019) demonstrated that machine learning models trained
on fluorescence spectra combined with other measured pollen
parameters can differentiate pollen types. However, these results
were obtained in laboratory conditions when the collected
pollen of different taxa was injected into the detector. The
authors of these models note that adaptation of the models to
detection of the learned pollen types in real outdoor conditions
meets significant difficulties. The key problem is that a model
trained to distinguish pollen of a specific type, such as type A,
from another specific type, such as type B, becomes ambiguous
when applied to real-world data thatincludes type A, type B, and
a various other pollen types. A practically usable model should
be able to distinguish pollen of type A from all other particles
present in the air (referred to background particles). However,
preparing a corresponding dataset with examples of all other
possible particles is unfeasible. As a workaround, for example,
Matavulj et al. (2025) proposed to use data collected during
the no-pollen season as examples of background particles.
However, this approach still cannot capture the full variability of
background particles in the pollen season.

Another problem noted in Matavulj et al. (2022, 2025) is that
the measurements between different detectors (of the same
type) are weakly consistent. Thus, models trained on data from
one detector cannot be directly applied to data from another
without additional adaptation.

Instead of direct training of classification models, Swanson
& Huffman (2020) and Daunys et al. (2021) proposed usage
of clustering techniques that help to avoid the problem of
collection of the training dataset but require identification of
the obtained clusters with specific pollen types.

In this work, we apply a clustering algorithm to fluorescence
spectra measured by the automatic atmospheric particle
detector Rapid-E+ (which is different from the fluorescence
detector used in Swanson & Huffman, 2020) during the 2024
season, and we compare the temporal distribution of particles
in each cluster with the temporal distribution of pollen types
obtained from daily monitoring with a standard volumetric trap
(which extends the approach proposed in Daunys et al., 2021).

MATERIALS AND METHODS
Sampling Campaign

Data for this study were collected from March through
October 2024 at the monitoring station at Moscow State

University (Moscow, Russia) using two different sampling
campaigns conducted in parallel. In the first campaign,
data was collected using the automatic aerosol detector
Rapid E+ installed on the roof of one of the buildings on
Moscow State University’s territory. This device measures
various particle parameters based on the physical effects
of light scattering and fluorescence, among which we
consider only particle size and fluorescence spectrum. It is
important to note that by design the automatic detector
cannot analyze all particles present in a given volume of
flowed air, but only a certain number of them. Moreover,
the device measures particles of all types uniformly and
cannot prioritize the measurement of one type of particle
(e.g., pollen) and ignore other types. To filter out only
particles that could potentially include pollen, we apply
threshold filtering and select particles with a size larger
than 2um and a mean fluorescence intensity above 4000
(this value is also recommended by the manufacturer for
pollen analysis). Fig. 1 shows the daily number of particles
meeting these criteria during the 2024 season. Due to
technical reasons, the device was turned off in June
and early July, as well as in mid-August (these periods
correspond to zero values in Fig. 1).

In the second campaign, parallel to the automatic
detector, data was collected using a Hirst-type volumetric
pollen and spore trap (Lanzoni VSSP 2010, Italy) located at
the same place as the automated detector. We focused
on eleven pollen types (Acer, Alnus, Betula, Corylus, Pinus,
Poaceae, Populus, Quercus, Salix, Ulmus, Urtica). Fig. 2 shows
the number of these pollen types and the total amount of
detected pollen.

In addition to the above daily measurements, samples
of pure pollen from Betula, Quercus, and Phleum were
collected from the plants during their pollen periods. Using
these examples of pollen, we conducted a laboratory
experiment in which the automatic aerosol detector Rapid
E+ was placed indoors, and these particles and mixtures
of these particles were injected into the device. In more
detail, we injected first clean pollen of Betula, then Quercus,
then the mixture of Betula and Quercus with mass ratio 1:1,
then the mixture of Betula and Quercus with mass ratio 1:3,
then clean pollen of Phleum, then the mixture of Betula
and Phleum with mass ratio 1:1, then the mixture of Betulg,
Quercus, and Phleum with mass ratio 1:3:2 correspondingly.
Fig. 3 shows the total number of particles detected by the
Rapid-E+ per minute, and vertical lines indicate the time
moments when the next portions of pollen were injected.

1600

1400 A

1200

1000

800

Counts

600 §

400 A

200 A

Abr Méy JLin
2024

JL‘J| Alng Sép Oct

Date
Fig. 1. Number of particles (with size > 2 pm and fluorescence threshold > 4000) detected by the automatic detector at
the monitoring station at Moscow State University during the 2024 season
(zero values mean that the device was turned off)
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Fig. 2. Daily counts of different pollen types obtained using the Hirst volumetric method at the monitoring station at
Moscow State University during the 2024 season (ALNU - Alnus, CORY - Corylus, POPU - Populus, BETU - Betula,
QUER - Quercus, SALI - Salix, ULMU - Ulmus, ACER - Acer, PINU - Pinus, URTI - Urtica, POAC - Poaceae)
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Fig. 3. Particle counts (blue line) during the laboratory experiment. Vertical lines indicate time moments when the new
portion of pollen was injected (B is for Betula, Q is for Quercus, P is for Phleum, BQ 1:1 and the similar notations mean the
mixture of B and Q with mass ratio 1:1)

Methods

We aim to isolate specific groups of fluorescence
spectra within the entire dataset of measured spectra
and associate them with particular pollen types using
daily monitoring data. The fluorescence spectrum of each
particle is given by 16 values representing fluorescence
intensity measured at 16 different wavelengths. Particles
of different types yield different shapes and amplitudes of
the fluorescence spectra. Three different samples shown
in Fig. 4 illustrate the variability of the spectra. We observe
in Fig. 4 that the spectrum of particle 1 is middle-peaked
and strongly non-symmetric; the spectrum of particle
2 is middle-peaked but rather symmetric; and the peak
of the spectrum of particle 3 is shifted to the right. Also,
amplitudes of the spectra of particles 1 and 3 are much
higher than for particle 2. The observed difference in shape
and amplitudes motivates us to apply a clustering method
for the isolation of different types of spectra.

To divide all measured spectra into subgroups (clusters)
containing spectra of similar shape and amplitude, we
apply the K-means clustering algorithm (see, e.g., Bishop,
2007). Specifically, each measured spectrum is considered
a pointin a 16-dimensional space. The goal of the K-means
algorithm is to place K new points, considered as cluster
centers, in this space in such a way as to minimize the sum
of squares of the distance from each point to the nearest
center. The number of clusters, K, is set by the user, and the
distance is the Euclidean distance. The algorithm finds the
optimal location of cluster centers iteratively, starting from
some arbitrary positions. Once the method has converged,

each point is assigned to the cluster with the nearest
center. The number of clusters, K, is adjusted manually to
obtain representative results. It turned out to be useful
to isolate a larger number of clusters (compared to the
potential number of pollen types) and then merge some
clusters that have similar spectrum shapes (but possibly
different amplitudes) and similar seasonal patterns.

The final step is to associate each cluster with a
specific pollen type. Similar to Fig. 2, we plot daily counts
of particles from a given cluster and compare this plot
with corresponding plots arising from daily monitoring of
known pollen types. If a similar seasonal pattern is found
with any known pollen type, then the cluster is identified
with that pollen type.

RESULTS

Laboratory experiment

We start with a demonstration of clusters obtained in
the laboratory experiment described above (see Fig. 3).
To identify clusters corresponding to Betula, Quercus, and
Phleum, the K-means clustering algorithm was applied
with the number of clusters K=10, and the obtained
clusters are shown in Fig. 5. The red line in Fig. 5 shows the
averaged spectra or cluster center in terms of the K-means
algorithm. Some clusters have similar shapes but different
amplitudes, for example, clusters 1 and 10 or clusters 2 and
4. One can assume that they represent the same pollen

type.
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Fig. 4. Examples of fluorescence spectra for three different particles

1e4  Cluster1 1es  Cluster 2 1e5

Cluster 3

1es  Cluster 4 1e5  Cluster5

1357 9111315 1 35 7 9111315

1 357 9111315

1 35 7 9111315 1 35 7 9111315

1e4  Cluster 6 1es  Cluster 7 1es  Cluster 8 1es  Cluster 9 i 1es Cluster 10
61 1.5 4 '
1.5 151
ol 1.0 1
1.0 101 1.0+
2 A 0.5 1 0.5 1 0.5 A 0.51 72
01 0.01% 0.0 1 0.0 1 0.0 1

1 357 9111315 1 35 7 9111315

1 35 7 9111315

1 35 7 9111315 1 35 7 9111315

Fig. 5. Clusters identified by the K-means algorithm in the laboratory experiment. Gray lines show spectrum lines of the
individual particles in each cluster. The red line is the average spectrum line in each cluster

Now consider the temporal distribution of particles in
each cluster. Fig. 6 shows that particles in clusters 1 and 10
first appear when we inject Betula pollen into the detector
(this moment is marked with a red vertical line) and then
appear only in those periods when mixtures containing
pollen of Betula were injected. Thus, one can identify the
spectral profiles in clusters 1 and 10 as corresponding to
Betula.Usingthe same reasoning, spectral profilesin clusters
2,4, and 5 are identified with Quercus pollen. Surprisingly,
particles from these clusters do not appear when the
mixtures of Betula and Quercus are injected; however, they
are observed when the mixture of all three pollen types is
injected. The reason is not clear to us, and the only thing
that we can note is that the mass content of Quercus
pollen in the latter case was several times larger than in the
previous mixtures. Considering the remaining clusters, one
can note that cluster 7 has the first pronounced peak when
Phleum pollen is injected and thus can be identified as this
plant. In contrast, clusters 3, 6, and 9 appear at all times and
even before the experiments started and can be attributed
to background particles.

This laboratory experiment demonstrates that the
proposed approach can be used to identify pollen types
using spectrum profiles. The next step is to apply this
method to the data from daily outdoor monitoring in the
2024 season.

Daily monitoring data

For the outdoor spectra measurements, we applied
clustering with a large number of clusters (K=70) and
obtained two groups of clusters. Particles in one group do
not demonstrate any localized (in time) seasonal pattern.
Their temporal distribution is similar to the distribution
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of the total number of particles and is therefore non-
informative. Particles in the second group have localized (in
time) patterns and thus can be (potentially) identified with
some specific pollen. Additionally, clusters whose temporal
distribution had a similar pattern were merged into new
superclusters. In fact, superclusters include spectra of
similar shape but with different amplitudes. The final plots
contain the temporal distribution of the merged clusters.
Fig. 7 shows the temporal distributions of the particles
in (some) superclusters, while Fig. 8 shows centers of the
clusters that contribute to each supercluster.

Comparison of Fig. 7 with Fig. 2 does not reveal such
clear correspondence as in the laboratory experiment.
We can only propose some tentative interpretations. For
example, cluster 6, spanning from mid-May to early June,
looks consistent with the Pinus pollen. Cluster 3, mostly
concentrated in the time interval from mid-April to mid-
May, could be associated with Betula pollen. However, the
peak in early April could indicate that Acer or Corylus pollen
is mixed in this group. Cluster 2 is close in time with Acer.
Cluster 5 is more prevalent during the summer and could
contain grass pollen. Interestingly, the prominent peak in
cluster 1 does not exhibit a correspondence with typical
pollen in Fig. 2. In contrast, cluster 8 is present uniformly
throughout all seasons, and we consider it background
particles.

DISCUSSION

In this study, we examined the extent to which
fluorescence spectra, measured by the Rapid E+ detector,
can be linked to specific pollen types. We applied the
K-means clustering algorithm to isolate groups of spectra
with specific profiles and amplitudes within the whole set of
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Fig. 6. Temporal distribution of the clusters identified by the K-means algorithm in the laboratory experiment
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measured spectraand analyzed the temporal distribution of
the particles of the obtained groups (clusters). In laboratory
conditions, when only a few pollen types are investigated
and pollen is injected into the detector in portions in a
clear form or as a known mixture, the proposed method
yields quite straightforward associations. We observe that
different pollen types have different spectrum profiles. In
contrast, applying this approach to outdoor observation
and comparing it with the volumetric data does not reveal
as direct an association as one would like to see. We discuss
some possible reasons below.

First, the clustering procedure isambiguous. It depends
on how the similarity (distance) between any two objects
(see Blanco-Mallo, 2023, for further discussion) is measured,
on the particular algorithm of clustering (K-means is
probably the simplest but not unique one), and on the
specific parameters of the particular algorithm (in the case
of K-means, it depends on the number of clusters, initial
position of cluster centers, and a number of more finer
details).

In this study, we used the simplest Euclidean distance
metric (sum of the squared differences between the
corresponding components of the two vectors). Other
distance metrics require modification of the K-means
clustering algorithm itself (see, e.g., Kaufman & Rousseeuw,
1990). Actually, various clustering algorithms and various
metrics were investigated, but qualitatively, the results
appear similar.

The clustering results also depend on data
preprocessing. For example, data normalization could help
join spectra with similar shapes but different amplitudes
into the same cluster. However, in fact this process often
leads to joining in the same cluster spectra with different
shapes, since it becomes more difficult to distinguish data
by shape alone, rather than by shape and amplitude. For
simplicity, we did not use any data preprocessing.

Instead, it turned out to be more practical to isolate a
large number of clusters (much larger than the potential
number of expected pollen types) and then join clusters
that yield similar temporal distribution into superclusters
(see, eg, Xu et al, 2016, for possible estimates of the
optimal number of clusters). In this research, we created
superclusters manually based on visual analysis, but this
step can also be automated using, say, clustering the time
series.
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Another thing to discuss is the correspondence of
the clusters obtained in the laboratory experiment and
during outdoor monitoring. Pollen used in the laboratory
experiment is dry, while in outdoor monitoring, a mixture
of dry and hydrated pollen may be observed. We do not
know how the degree of hydration affects the fluorescence
spectrum, so we leave it out of this research.

It should also be noted that outdoor measurements
contain spectra of a much broader set of particle types
than is reported in standard monitoring. In particular, we
observe prominent clusters that are very localized in time
but do not correspond to any of the pollen types reported
in standard monitoring.

Finally, we used only a small part of the measurements
provided by the automatic detector. It looks more than
reasonable that finer separation of pollen types requires
a combination of measured parameters. Furthermore, the
known mass ratios of the pollen types used in laboratory
experiments could be used in the future to estimate model
accuracy in more detail.

CONCLUSIONS

In this work, we proposed a method for identification of
pollen types using their fluorescence spectra measured by
the automatic atmospheric particle detector Rapid-E+. The
method is based on clustering of all fluorescence spectra
measured by the detector and comparison of temporal
patterns of occurrence of particles in each cluster with
temporal patterns of occurrence of specific pollen types
measured by the standard volumetric method. In a set of
laboratory and outdoor experiments, it was demonstrated
that fluorescence spectra are clustered into a set of groups
that yield different distributions in time and that at least
some of these groups are associated with specific pollen
types. The obtained association can be used in the future
to create an automatic pollen identification system.
However, fluorescence data alone are insufficient for fine
differentiation of all pollen types, and in fact, much larger
groups representing mixtures of different pollen types are
identified. At the same time, among these larger groups
we observe those that are not identified by volumetric
monitoring, and understanding the source of these
particles is a matter of further research. [l
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