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Abstract. Bioaerosols, such as pollen grains, play an important role in air quality, human health and atmospheric processes.

However, their vertical distribution within the boundary layer remains insufficiently researched. In this study, we investigate

the vertical profiles of pollen concentrations between 4 and 272 m a.g.l. at the Vehmasmäki station in Eastern Finland. In–situ

measurements with optical pollen sensors at 4 m, 115 m, and 272 m were conducted simultaneously with ground-based obser-

vations from a Hirst–type volumetric air sampler and a Cloud Droplet Analyzer. Multiple campaigns were conducted during5

pollen seasons between 2021-2024, focusing on the dominant pollen types, i.e., birch and pine pollen. Optical pollen sensors

agreed with Cloud Droplet Analyzer measurements during intensive pollen periods (R2 ≥ 0.91). Polarization scatter plots for

birch and pine pollen revealed distinct optical signatures, during predefined intensive pollen periods between 2021–2023, con-

sistent with laboratory results. Furthermore, we assess how background fine-mode aerosol influences these signatures. During

a major birch pollen episode in May 2024, pollen concentrations decreased with height. These vertical profiles were com-10

pared with predictions from the System for Integrated modeLling of Atmospheric coMposition (SILAM), which reproduced

the vertical distribution from the observations, but systematically overestimated pollen concentrations at all heights. More-

over, a machine–learning classification approach combining optical pollen sensor measurements and meteorological variables

demonstrated the possibility of identification of dominant pollen types. Our results demonstrate the feasibility of optical pollen

sensors for continuous, real–time monitoring of dominant pollen taxa in boreal regions, from measurements in Vehmasmäki.15
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1 Introduction

Primary biological aerosol particles (PBAP) such as pollen grains cause a major adverse health problem worldwide. Most

PBAP cause allergic diseases and their occurrence is increasing due to climate change and urban pollution (Lake et al., 2017;

Traidl-Hoffmann et al., 2003). Today, up to 15–30 % of the population in industrialized areas suffers from allergic diseases

(Schneider et al., 2015). Periods of high concentration of pollen in the air have more than doubled in the past three decades20

(Reinmuth-Selzle et al., 2017) and climate warming will potentially lead to higher pollen concentrations and longer pollen

seasons, increasing the exposure to aeroallergens (Damialis et al., 2007; Beggs, 2016). Numerous studies have examined how

meteorological conditions, including relative humidity (RH), temperature (T), wind speed, sunshine duration, and rainfall,

affect pollen release and transport in the atmosphere. Relative humidity and temperature significantly impact pollen release

by affecting the water content of individual pollen grains (Chico-Fernández and Ayuga-Téllez, 2025; Tomczyk et al., 2025;25

Linkosalo et al., 2017; Kuparinen et al., 2009). For example, low relative humidity combined with high temperature tends to

increase the number of airborne pollen grains by reducing their specific gravity (Ščevková et al., 2015).

As pollen seasons become longer and annual pollen concentrations continue to rise, impacts can also be detected in the

atmospheric processes of the climate. Pollen grains are coarse particles released by plants, with sizes typically ranging from

10–100 µm (Després et al., 2012). They can rupture when wet to form tiny subpollen particles (SPPs) and may have an indirect30

influence on atmospheric dynamics. Many studies suggest that SPPs may affect cloud formation through cloud condensation

nuclei (CCN) and ice nuclei (IN), especially in remote locations where cloud formation is limited by the amount of condensa-

tion nuclei (Steiner et al., 2015; Prisle et al., 2019; Gute and Abbatt, 2020). Pollen particles also contribute significantly to the

formation of ice in clouds, leading to increased rainfall, a state that is also supported by studies using the UCLALES-SALSA

large eddy simulator, focused on birch pollen (Kretzschmar et al., 2024; Prank et al., 2025; Matthews et al., 2023).35

Pollen may originate from both local and distant sources, as aerobiological studies have demonstrated that long-range trans-

port over 100–1000 km can occur under favorable atmospheric conditions and, in some cases, represent the dominant contri-

bution when local flowering has not yet started (Sofiev et al., 2013). Pollen grains have been detected both in the atmospheric

boundary layer and in the free troposphere (Gidarakou et al., 2026; Sikoparija et al., 2025). They also exhibit diurnal variations

in their concentration due to the dynamics inside the boundary layer (Andújar-Maqueda et al., 2025). Pollen is not homoge-40

neously distributed in the atmospheric boundary layer, but the concentration typically decreases in higher altitudes because of

its strong dilution and the lack of pollen sources (Gregory, 1978). Meteorological conditions and atmospheric stability affect

both the spatial and vertical distribution of pollen grains. Within the boundary layer, where winds are influenced by surface

friction and turbulence, the concentration of pollen grains is typically associated with short-range transport. Also, long-range

transported (LRT) air masses from regions with an ongoing pollen season affect pollen concentrations and significantly alter45

pollen peaks and duration (Sofiev et al., 2013). Rojo et al. (2019) investigated near-ground vertical profiles of pollen concentra-

tion by comparing measurements at heights of approximately 10–30 m. They found that concentrations were highest at lower

sampling heights, with mean values about 30 % greater near the surface. Above roughly 10 m, vertical differences diminished

and pollen concentrations became relatively uniform. Damialis et al. (2017) used aircraft measurements over Thessaloniki
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to show that total pollen concentrations were often higher at tree-crown level than at ground level, particularly for arboreal50

taxa such as Pinaceae and Quercus. These results highlight the important contribution of medium- and long-range transport to

atmospheric bioaerosol loads.

Most of the vertical profile studies have been carried out near the ground using standard Hirst–type air samplers, which

require changing of the sampling tape and analysis of the samples with a light microscope (Galán and Domínguez-Vilches,

1997; Alcázar et al., 1999; Rodriquez-Rajo et al., 2005; Hernández-Ceballos et al., 2011; Oteros et al., 2017; Sofiev, 2019).55

This can be demanding in human resources, is time–consuming and real–time measurements are not possible. At low pollen

densities, systematic biases from unstable airflow rates can lead to an overestimation of 20%, and high statistical errors up to

55%, associated with subjective manual counting (Gottardini et al., 2009; Triviño et al., 2023; Liu et al., 2025). New techniques

have been developed to reduce workload and enable real–time pollen measurements. These new techniques introduce image

recognition and fluorescence techniques in pollen analysis. BAA500 utilizes a microscope equipped with a CCD camera in an60

image recognition-based pollen monitoring system (Oteros et al., 2019). The Wideband Integrated Bioaerosol Sensor and the

Real–Time Airborne Particle Identifier use the fluorescence spectra of pollen grains, while SwisensPoleno Jupiter integrates

UV-induced fluorescence spectroscopy and holographic imaging methods in real–time pollen monitoring (Sauvageat et al.,

2020; Šauliene et al., 2019; Erb et al., 2024). LIght Detection And Ranging (LiDAR) is an effective tool for studying how pollen

is distributed vertically in the atmosphere. When other non-spherical particles are not present, the particle linear depolarization65

ratio (PDR) allows pollen grains to be identified (Bohlmann et al., 2021, 2019). Sassen (2008) reported a high linear PDR of

up to 30% at 694 nm in plumes dominated by paper birch pollen (Betula papyrifera) in Alaska. Lidar measurements have also

indicated that pollen is confined at nighttime and early in the morning, while in midday, when the boundary layer deepens,

the pollen plume becomes well mixed within it (Noh et al., 2013; Sicard et al., 2016). Recent studies have shown that lidar

measurements can reveal characteristic optical properties of different types of pure pollen, distinguishing them from other70

aerosols (Shang et al., 2020, 2022).

Machine–learning techniques for pollen classification have been a major catalyst for automated pollen monitoring. The feasi-

bility of automated identification is supported by recent findings in Mediterranean climates, where machine learning techniques

such as Random Forest have demonstrated high accuracy in predicting the onset of Olea and Quercus seasons(Papadogiannaki

et al., 2025). In image-based pollen analysis, the morphological complexity of pollen grains is particularly well suited for Con-75

volutional Neural Networks (CNNs). Previous studies have shown that optimizing CNN architectures can lead to remarkably

high classification performance. For example, analyses using large annotated image datasets have demonstrated that optimized

models such as DenseNet201 and ResNet50 achieved peak accuracy levels of 97.217% and 94.257%, respectively (Garga

et al., 2024; Milling et al., 2025; Sevillano et al., 2020). However, such image-based approaches typically require large and

sophisticated instrumentation as well as substantial computational resources. In contrast, there is a need for simple, low–cost80

and real–time pollen monitors that can be easily installed on masts or tethered balloons, where payload is limited. These simple

systems are commonly based on compact optical sensors providing non-imaging measurements, observing, for example, light

scattering and polarization by pollen suspended in air.
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Among the different automatic devices introduced, a system used in Japan to monitor Japanese cedar pollen is the pollen

sensor (PS2) manufactured by Shinyei Technology Co., Ltd, Japan. However, this instrument had not been evaluated in Europe.85

Its simple optical system is optimized for target taxa like Japanese cedar or cypress and cannot universally discriminate between

all pollen taxa. Previous work demonstrated the possibility of using PS2 to detect Cupressaceae pollen by comparing its output

with that of a Hirst–type air sampler, noting that the PS2 is compact, inexpensive and capable of discriminating pollen based

on scattered light intensity and degree of polarization (DoP). Tests in the Mediterranean for Cupressaceae pollen demonstrated

that PS2 measurements at the probability level of 90% did not differ significantly from those obtained with a Hirst–trap (t-90

value = 1.843, p-value = 0.066), while the 70% probability level showed a significant difference (t-value = 4.457, p-value

= 0.00) (Celenk, 2020). Therefore, the two methods can work synergistically, as the PS2 offers real–time data, while the

Hirst–trap provides the taxonomic information needed to verify and interpret automated measurements (Cariñanos et al., 2000).

Recent evaluations of these sensors have expanded their applicability beyond bioaerosols. For instance, Iwata et al. (2026)

demonstrated that similar low-cost sensors can effectively detect Asian dust by utilizing specific particle size and polarization95

proxies.

In this study, we investigate vertical profiles of pollen number concentrations from 4 to 272 m for different pollen types us-

ing the PS2 and compare the results to simultaneous measurements with a Hirst–type air sampler and Cloud Droplet Analyser

(CDA). Measured pollen vertical profiles were also compared with the results of the Finnish System for Integrated mod-

eLling of Atmospheric coMposition (SILAM). In addition, we analyze the polarization scatter plot of birch and pine pollen100

during intensive pollen periods, and assess how background fine-mode aerosols influence the observed optical signatures.

Furthermore, we evaluate the consistency of multiple PS2 sensors through intercomparison experiments. Finally, we apply a

machine–learning classification technique that combines optical sensor measurements with meteorological data to explore the

potential for real–time identification of dominant pollen types.

2 Instrumentation and methods105

The Vehmasmäki measurement station (62◦44′ N,27◦33′ E;190 m above sea level), is a rural forest site about 18 km south of

Kuopio, Finland. It offers ideal conditions for the observation of pollen, as the concentration of background aerosols is typically

low without any major pollutant sources nearby. The station is mainly surrounded by grass fields and forest with dominant tree

species including Silver birch (Betula pendula), Norway spruce (Picea abies), and Scots pine (Pinus sylvestris) (Bohlmann

et al., 2021).110

Continuous measurements at the station include Vaisala ceilometers CL51 and CL61, a multi-wavelength Raman polarization

lidar (PollyXT), a Halo Doppler lidar, and multiple in-situ instruments for aerosol size distribution, number concentration, and

optical properties. The airborne pollen types were identified and their concentrations monitored using a Hirst–type volumetric

air sampler. The instrument operated each year throughout the main pollen season since 2019, typically from March to August.

Meteorological parameters were measured both on top of the container, as well as from a 318 m tall mast. The mast is equipped115
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with temperature and relative humidity measurements at eight different heights (2, 26, 66, 115, 168, 215, 272, and 300 m), and

wind speed and direction are provided for four heights (26, 115, 215 and 272 m).

2.1 PS2 pollen sensor

The PS2 draws a sample from the ambient air with the help of a suction fan that produces an air flow of 0.7 Lmin−1 through

the sensor. The sample is illuminated with 790 nm light from a laser diode, and the light scattered from the particles in the120

sample is detected at 135-degree scattering angle with two light detectors (Fig. 1). The two detectors are used to discriminate

pollen from other particles based on two factors. First, the scattered light intensity is measured by one detector (PD2 in

Fig. 1), which outputs the parameter Ppol that is a relative measure related to particle size. Secondly, the other scattered light

intensity, denoted as Spol, is measured by the other detector (PD1 in Fig. 1) through a polarization filter whose orientation is

perpendicular to the incident polarization. The combined output of these is then denoted as the degree of polarization (DoP), a125

relative index related to particle shape:

DoP =
Ppol −Spol

Ppol +Spol
. (1)

Since the light scattered from particles with complex shapes or rough surfaces like pollen changes the incident light polarization

plane, part of the scattered light is able to pass the polarizing filter (PF) (Fig. 1).

Figure 1. A schematic of pollen sensor PS2 where two pollen detectors (PD), a polarized filter (PF) and 790 nm laser diode (LD) are

presented (adapted from pollen sensor PS2 user manual).

Irregular particles such as dust strongly depolarize the incident light and therefore produce a relatively higher signal in the130

polarized channel, whereas more spherical or weakly depolarizing particles, such as many pollen grains, retain a larger fraction
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of the original polarization and are more strongly detected in the non-polarized channel (Fig. 1). This difference in scattering

intensity and polarization response enables discrimination between pollen and other particles. In this work we installed PS2

sensors at three locations for measuring the vertical profile of pollen concentrations: at the roof level of the measurement station

(at the height of 4 m) and on the mast at the heights of 115 and 272 m. Prior to the vertical measurements, an intercomparison135

campaign was conducted by operating all PS2 units side-by-side at the 4-meter rooftop location for a two-week period to

ensure data consistency.

The PS2 was intercompared using pollen grains from most abundant taxa, in order to identify different pollen types. Two

PS2 sensors were intercompared in the laboratory as follows. The sensors were mounted on the inner surface of a local exhaust

ventilation hood. Pollen of Alnus incana, Betula pendula, Urtica dioica, Populus tremula, Salix, Pinus sylvestris and Picea140

abies were placed in cuvettes, and each cuvette was tapped at the bottom to gradually release the pollen, while the open end

was held close to the sensor inlets. The target was to reach more than one thousand counts per sensor to improve statistical

reliability. To prevent cross-contamination between different pollen taxa, the sensors and their surroundings were cleaned with

laboratory pressurized air between tests. The cleanliness was verified by performing one-minute blank tapping tests, which

produced fewer than 20 counts. Background levels were also assessed after cleaning by measuring for 5–90 minutes, yielding145

less than one count per minute.

Figure 2 shows the SEM images of the most typical pollen grains observed in Vehmasmäki. The images show that the size

range and shape of conifer pollen grains (Pinus sylvestris and Picea abies) differ from the rest pollen grains.

Figure 2. Examples of pollen morphology (SEM imaging) for the most typical pollen grains: a) Alder b) Birch c) Grasses, d) Spruce, e) Pine,

and f) Nettle in Vehmasmäki (source: PalDat – a palynological database (https://www.paldat.org, last access: 4 February 2026, Halbritter and

Heigl (2020)).

Figure 3 summarizes the intercomparison measurements performed in the laboratory using pollen grains and fog droplets.

The PS2 polarization measurements distinguish fog and pollen types. Fog droplets show low Ppol but high DoP, while different150

pollen taxa form distinct clusters with moderate DoP. These separations indicate specific polarization signatures for every

aerosol type, suitable for classification. Particles classified as pollen were identified using the thresholds of Ppol > 1.3 and

−0.1<DoP< 0.5. The presence of fog droplets was identified based on dew point depression calculations. Fog forms when
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the temperature and dew point of the air approach the same value. So, the difference between air temperature and dew point

(dT < 1◦C) was used as an indicator of fog formation and ambient PS2 dataset from Vehmasmäki was used for this purpose.155

Figure 3. Polarization scatter plot in PS2 for selected pollen types and fog, for the intercomparison measurements in the laboratory.

2.2 The Burkard sampler

Airborne pollen was monitored using a Burkard Hirst–type volumetric air sampler operated at 4 m a.g.l. (above ground level).

The sampler draws air through a 14 mm× 2 mm orifice at a flow rate of 10 Lmin−1, impacting particles with sufficient inertia

(> 4µm) onto a greased tape mounted on a drum rotating on a seven-day cycle (Hirst, 1952). The tape was divided into

daily segments and analyzed in the Department of Biodiversity Sciences (University of Turku, Finland) by light microscopy,160

providing pollen information with a temporal resolution of 2 h. Using this method, pollen grains were identified to taxonomic

type based on their morphological characteristics, and number concentrations were calculated from the known sampling flow. In

total, up to 24 pollen types have been detected, of which the most abundant taxa in Vehmasmäki were considered in this study.

Main sources of uncertainty include flow variability, counting methodology, and mounting media, with reported discrepancies

of ∼16 % for concentrations > 10 grains m−3 and larger deviations at lower concentrations (Adamov et al., 2021).165

2.3 The Cloud Droplet Analyzer

The Cloud Droplet Analyzer (CDA) is a high-resolution optical aerosol spectrometer system to measure the size distribution

and number concentration of aerosols. The measurement accuracy of the device has been developed using a white light source

and 90◦ scattered light detection, which enables a well defined calibration curve throughout the entire particle size range of

0.6–100 µm (Bächler et al., 2024). An accurate determination of the particles has been reached using the T-aperture technique,170

which enables the particle size and particle number measurements in high concentrations without border zone error (Fig. 4). In

this study, CDA was adapted to monitor pollen grains, applying the particle measurement size range of 20–100 µm and using
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a pollen particle density of 600 kg m−3, plus a refractive index of 1.54+0i in the data analysis (Sicard et al., 2021; Jackson

and Lyford, 1999; Kim et al., 2018).

Figure 4. Optical measurement principal of CDA, where patented T-aperture (two T-shaped quadrants) are projected (Palas instruction

manual).

2.4 SILAM175

SILAM (System for Integrated modeLling of Atmospheric Composition) is a global mesoscale chemical transport and disper-

sion model developed by the Finnish Meteorological Institute for air quality and atmospheric composition applications (Sofiev

et al., 2006). The model employs an Eulerian and a Lagrangian particle dispersion mode to simulate transport of pollutants in

3d. SILAM features eight chemicophysical transformation modules for gas chemistry, secondary aerosol formation and aerosol

dynamics, wet and dry deposition processes, radioactive decay, and pollen transformations. The model can use as inputs a wide180

range of emission sources, including anthropogenic pollutants, biogenic volatile organic compounds from vegetation, natural

aerosols such as sea salt and dust, smoke from biomass burning, and even ship emissions or nuclear accident plumes. SILAM

also provides pollen forecasts throughout Europe with a spatial resolution of 10 km and a temporal resolution of 1h. Vertical

profiles of pollen concentrations are available for 10 atmospheric layers, ranging from the surface up to 9 km. For the SILAM

data used in this study (versions 5.9), the forecasted pollen taxa include alder, birch, grass, hazel, mugwort, olive and ragweed185

pollen (http://silam.fmi.fi/, last access: 21 November 2025).

2.5 Methodology

2.5.1 Temporal averaging and sensor intercomparison

Since the Hirst–type volumetric air sampler provides a 2 h temporal resolution, data from all other instruments were averaged

over identical 2 h intervals to maintain consistency. The optical pollen sensors were intercompared with laboratory suspensions190

of common pollen taxa and other particles to ensure accurate discrimination based on scattered light intensity and polarization.

To evaluate instrumental consistency, an intercomparison of three PS2 instruments, named as PS21, PS22 and PS23, was

conducted at the Vehmasmäki station from 11 May to 2 June 2023. All sensors were located and operated continuously. Linear
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regression analysis was used to quantify the relationship between PS22 and PS23 with PS21 data as predictor. Using PS21 as

the predictor allowed correction of systematic device-dependent biases in PS22 and PS23 through linear regression, without195

implying PS21 as an absolute reference. Slope coefficients obtained from the regression were used as correction factors to

correct PS22 and PS23 time series and eliminate systematic bias.

2.5.2 Estimation of PM10 contribution

To investigate how the polarization characteristics of different pollen types depend on the contribution of other particles to

the total aerosol mixture, we combined the PS2 data with the share of particles with a diameter of 10 µm or less (PM10),200

following Filioglou et al. (2023). To estimate the PM10, we combined aerosol size distributions from the NanoScan SMPS

Nanoparticle Sizer (NS, TSI model 3910) and an Optical Particle Sizer (OPS, TSI model 3330) instruments. The NS and OPS

number size distributions were then converted to volume size distributions assuming spherical particles and merged into a

single distribution, which was multiplied by a constant particle density and integrated over the size range corresponding to

particles with diameters of 10 µm or less to obtain PM10. The Burkard pollen number concentrations were converted to mass205

concentrations (PMpollen) using the assumed pollen densities of 0.8 and 0.4 g cm−3 and particle diameters of 25 and 75 µm

for birch and pine pollen respectively (Gregory, 1973; Sicard et al., 2021; Jackson and Lyford, 1999). The percentage share of

PM10 in the aerosol mixture was defined as

PM10share =
PM10

PM10 +PMpollen
· 100 , (2)

providing a measure of the non-pollen contribution to the total aerosol mixture. This parameter was used together with the PS2210

data to analyze the polarization scatter plot of the different dominant pollen types.

2.5.3 Selection of intensive pollen periods and vertical profile analysis

Regarding the vertical distribution of birch pollen, we combined simultaneous observations from PS2-Roof at 4 m, PS2-Mast

at 115 m and PS2-Mast at 272 m a.g.l. at Vehmasmäki station with birch pollen profiles simulated by the SILAM model. The

analysis was performed during the peak of the birch pollen season from 14–20 May 2024. This intensive pollen period (IPP)215

was selected considering that at least three consecutive 2 h measurements had shown birch contribution of more than 90 % to

the total pollen load and also that the daily mean birch pollen concentration should be greater than 300 particles m−3 (Shang

et al., 2020).

To focus the analysis on periods with high pollen concentration, several data filters were applied to each instrument. For

PS2 data, we retained only 2 h timestamps when the birch pollen concentration was higher than 142 particles m−3. We also220

excluded the timestamps with precipitation, relative humidity over 80 % and low visibility below 1000 m. The total pollen

concentration was calculated as the sum of all identified pollen types. After filtering, mean concentrations at each height were

calculated.
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2.5.4 Machine–learning based pollen classification

Lastly, we applied a machine–learning approach to classify the dominant pollen types automatically. The analysis used data225

from a PS2 optical pollen sensor, a Burkard sampler, and meteorological instruments, all located in the Vehmasmäki station,

covering the pollen seasons 2021-2024. The Burkard sampler served as the reference for pollen identification and concentration.

In the machine–learning approach, all measurements were averaged into non-overlapping 2 h intervals that match the tem-

poral resolution of the Burkard sampler. Meteorological predictors included 2 h mean air temperature and relative humidity

measured at 2 m a.g.l. at the same site. To represent the strong seasonal cycle of pollen emission, the fraction of the year (scaled230

from 0 to 1) was also included as a model predictor. The final input feature vector consisted of six variables: Ppol, Spol, DoP,

temperature, relative humidity, and fraction of year. Ground-truth labels were derived from the Burkard counts. Six dominant

types were defined: Alnus (ALNU), Picea (PICE), Pinus (PINU), Betula (BETU), Poaceae (POAC), and Urtica (URTI). If

the total pollen concentration was below 142 m−3, the sample was assigned to a NONE class. Otherwise, if a single type

contributed at least 80 % of the total concentration, the sample was assigned to that type; all other multi-type samples were235

labeled as MIX. This resulted in eight mutually exclusive classes. Classification was performed using a Random Forest (RF)

classifier from the Scikit-learn Python package. Our RF model consisted of 300 trees with unrestricted depth, a minimum of

eight samples required to split an internal node, a minimum of three samples per leaf, three features considered at each split,

bootstrap sampling, and balanced class weights to compensate for the class imbalance. Model performance was assessed by a

10-fold stratified shuffle-split cross-validation, each using 90% of the samples for training and 10% for testing. We report the240

classification accuracy and confusion matrices over all splits test data.

3 Results and discussion

3.1 Pollen periods and Data availability

For all the campaigns that were conducted during May and July at Vehmasmäki station for the years 2021–2024 the dominant

pollen types measured by the Hirst–type air sampler were consistently birch pollen (Betula) and pine pollen (Pinus). Every245

year, both pollen types show variability, not only in the timing of occurrence, but also in the magnitude of the concentration,

reflecting variability in reproduction and phenology and the influence of meteorological conditions during each season. Figure

5 shows the time series of the two dominant pollen types at the Vehmasmäki station for each year during the period 1 May to

1 July, using 2 h concentrations on a logarithmic scale.
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Figure 5. Time series of the 2 h concentrations of the two dominant pollen types birch and pine pollen measured by the Hirst–type air sampler

at 4 m a.g.l. during the period 1 May–31 July for (a) 2021, (b) 2022, (c) 2023, and (d) 2024 at the Vehmasmäki station.

In 2021, birch pollen exhibited an exceptionally strong season, with a maximum 2–hourly concentration of 64384 m−3 on250

12 May. Pine pollen peaked later, on 5 June 2021, reaching 10571 m−3. In 2022, the concentrations were weaker with birch

pollen peak at 1991 m−3 on 22 May and pine pollen at 8649 m−3 on 12 June. In 2023, birch pollen again appeared in early

May, peaking at 2701 m−3 on 15 May. Pine pollen reached its maximum of 7619 m−3 on 11 June. The 2024 season showed

a similar variability, with birch pollen peaking at 14003 m−3 on 15 May and pine pollen at 9816 m−3 on 29 May. The 2024

pollen season is visually shorter due to an early stop in measurements. For all years, birch pollen systematically showed an255

earlier peak than pine pollen. Peak birch pollen days consistently occur within a narrow 5–10 day window each year, while

pine pollen exhibits a broader and later maximum, around early to mid June. Compared with birch pollen, the occurrence of

the pine pollen peak shows greater annual variability, with shifts of up to one week between years. Figure 6 presents the data

availability for each campaign year, including the operational periods of the PS2-Mast, the PS2-Roof and the identified IPP’s

for birch and pine pollen.260
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Figure 6. Availability of the measurements of three PS2 instruments at Vehmasmäki station during 2021–2024, and the IPPs of birch and

pine pollen.

3.2 Intercomparison measurements

The average pollen concentration was 1340 particles m−3 (PS21) throughout intercomparison campaign 10.5–2.6.2023 at

Vehmasmäki station (Fig. 7a). Observed pollen concentration was close to the average particle concentration (NCDA) of

1300 particles m−3 measured in size range of 20–100 µm, so pollen grains clearly dominated that size range. Simple linear

regression analyses of PS2 raw data, where PS21 data were used as a predictor, gave original slope values of 0.93 (R2 = 0.91)265

for PS22 and 0.76 (R2 = 0.90) for PS23. After applying slope corrections to minimize device bias by multiplying PS22 and

PS23 data with their respective slope factors, the slopes improved to 0.97 for both instruments. Based on the intercomparison

data, PS2s have a strong agreement, since the correlation coefficients are equal or greater than 0.90 (Fig. 7b, c).
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Figure 7. Pollen concentration (a) and correlations between PS2s (b and c) in the period of intercomparison campaign measured using three

PS2 pollen sensors and CDA where PS22 and PS23 data are corrected (slope correction).

3.3 Polarization scatter plot of pollen

For each year, we identified the IPPs for birch and pine pollen based on the Burkard time series at Vehmasmäki and the270

constraints we described in Sect. 2.5.3. The IPPs are summarized in Table 1. Results of PS2 measurements for IPPs are

shown in Fig. 8. During these selected periods, the data points represent 2 h averaged PS2 measurements. The contribution of

background PM10 to the total aerosol mixture was used as a color scale for the polarization scatter plots. Circles denote birch

pollen and squares denote pine pollen. The size of the markers is proportional to pollen concentration. Finally, we depicted the

distribution for each pollen type using covariance ellipses. The number of samples for each pollen type is indicated in each275

panel.
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Table 1. Intensive pollen periods (IPPs) for birch and pine pollen at Vehmasmäki during 2021–2023.

Year Pollen type IPP start (UTC) IPP end (UTC)

2021 Birch pollen 11 May 2021 16:00 19 May 2021 12:00

2021 Pine pollen 02 Jun 2021 18:00 15 Jun 2021 10:00

2022 Birch pollen 14 May 2022 06:00 31 May 2022 16:00

2022 Pine pollen 07 Jun 2022 04:00 16 Jun 2022 12:00

2023 Birch pollen 10 May 2023 10:00 15 May 2023 22:00

2023 Pine pollen 04 Jun 2023 20:00 19 Jun 2023 20:00

Analysis of the birch and IPPs across the three years of Vehmasmäki campaigns reveals two clearly separated clusters in the

polarization scatter plot. Birch pollen consistently shows higher DoP of 0.24 ± 0.03, 0.17 ± 0.04, and 0.29 ± 0.04 for 2021,

2022 and 2023 respectively, while pine’s DoP remains very low at 0.01 ± 0.02, 0.04 ± 0.04 and 0.06 ± 0.04, respectively.

Lower Ppol values of 2.41 ± 0.13, 2.06 ± 0.21 and 2.14 ± 0.29 for 2021, 2022 and 2023 characterize birch pollen, whereas pine280

pollen is distinguished by higher mean Ppol values of 4.31 ± 0.21, 4.27 ± 0.30 and 3.51 ± 0.41. This separation is consistent

across all three years. The ellipse extents show that pine pollen covers a broader range in both Ppol and DoP exhibiting a

negative correlation. The largest markers (highest pollen concentrations) remain close to the cluster centers. The color reveals

that most of the IPP samples correspond to relatively low PM10 shares less than 40% of the aerosol mass, confirming the

dominance of pollen in the selected periods. As the share of PM10 increases, both pollen types are biased to lower Ppol values,285

due to dispersion of the signal by fine particles and higher DoP, because the background is dominated by more spherical,

fine–mode aerosols.

These findings are in very good agreement with the laboratory polarization scatter plot produced by PS2 intercomparison

experiments in the laboratory. Birch pollen occupies the region of higher DoP associated with more spherical particles, while

pine pollen shows a lower DoP with high Ppol, characteristic of larger and more irregular particles. The strong agreement290

between the in-situ polarization scatter plot and the laboratory reference scatter plot provides a sound basis for classifying

pollen taxa using optical sensors.

The small offsets likely reflect the more complex and variable atmospheric mixture in the in-situ measurements. Overall,

the comparison shows that the in-situ PS2 measurements during the IPPs are fully compatible with the PS2 intercomparison

polarization scatter plot for birch and pine pollen.295
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Figure 8. Polarization scatter plot of birch and pine pollen during their IPPs at Vehmasmäki in (a) 2021, (b) 2022, (c) 2023. The color scale

indicates the contribution of background PM10 to the total aerosol mixture. Circles denote birch pollen and squares denote pine pollen, while

marker size is proportional to pollen number concentration. Dashed ellipses represent the covariance of each pollen cluster. N denotes the

number of 2 h averaged samples included for each pollen type during the corresponding IPP.
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3.4 Vertical profile of measured and predicted pollen concentration

To examine the vertical distribution of birch pollen, we combined simultaneous observations from three PS2s at 4 m, 115 m,

272 m a.g.l. and Burkard at 4 m, with birch pollen concentrations simulated by the SILAM model. The analysis was focused

from 14 to 20 May 2024, during birch pollen season. We ensured that the IPP was following the criteria referred in Sect.

2.5.3 and excluded the timestamps with precipitation and relative humidity above 80%. After filtering, we calculated the mean300

number concentrations at each height. Predicted birch pollen number concentrations were obtained from SILAM at multiple

layers with mid-heights of 12.5, 50, 125, 275 and 575 m. For each height, we computed the mean and standard deviation of

predicted birch pollen concentration during the selected IPP.

In Fig. 9, the time series of birch pollen concentration shows that the SILAM model overestimated the concentrations

throughout the period. Peak concentrations were roughly twice as high as those measured at the corresponding heights. More-305

over, while the observations displayed more pronounced daily fluctuations, the temporal variability in SILAM was smoother

because the model replicated broad, persistent peaks during several days, probably affected by episodic release and weather.

Figure 9. (a) SILAM predicted birch pollen concentrations at 12.5, 50, 125, 275 and 575 m; (b) Observed concentrations at 4 m, 115 m, 272

m from the Burkard sampler, PS2–Roof, and two PS2–Mast in Vehmasmäki during 14–20 May 2024.

In Fig. 10, both the measurements and the model show a clear decrease in concentration with height, with the highest pollen

concentration near the ground. This implies that the gradient of vertical distribution of pollen was accurately replicated by the
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model, indicating that the transport and dispersion processes are functioning effectively in the model. At 4 m, however, the310

Burkard sampler measured consistently higher birch pollen concentrations than the PS2, a behavior also reported in previous

intercomparison studies showing that Hirst-type samplers tend to yield higher concentrations than optical sensors due to dif-

ferences in sampling efficiency and counting methodology (Maya-Manzano et al., 2023; Farooq et al., 2025). This suggests

that part of the ground concentration difference arises from instrumental sampling characteristics rather than true atmospheric

variability. Despite that, as shown by the time series, SILAM profile is biased toward higher pollen concentrations at all heights315

of the curve. This overestimation of pollen concentration by SILAM is consistent with prior evaluations of the model, which

have noted a tendency to overshoot pollen concentration when the parameters used in the model are not properly adjusted to

the actual pollen season (Sofiev, 2019).

Figure 10. Vertical profiles of birch pollen concentration averaged over 14–20 May 2024: (a) observations from the three PS2 (4 m, 115 m,

272 m) and Burkard sampler (4 m); (b) SILAM model predictions at corresponding heights.

3.5 Machine–learning-based pollen classification

To investigate the possibility of classifying in real– time the dominant airborne pollen types using PS2 measurements, we320

applied a machine–learning approach. The RF classifier achieved an overall classification accuracy of 76.9%, as shown in

Fig. 11. Performance was highest for Poaceae (90.2%), Betula (88.2%) and Pinus (79.7%), while Alnus (50%) and Picea

(56.7%) showed lower accuracies and frequent confusion with the NONE and MIX classes. Urtica were detected with low
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success (16.2%), with many samples misclassified as MIX or NONE. The NONE class was generally robust (84.5%), although

some Alnus and Urtica were incorrectly labeled as NONE. The largest residual confusion was between MIX and NONE,325

reflecting cases where pollen concentrations were low or multiple types contributed without a single dominant type. The

results support the broader applicability of the PS2 sensors for continuous pollen monitoring.

Figure 11. Confusion matrix of Random Forest pollen classification results. The matrix shows the percentage of samples assigned to each

predicted type (rows) relative to the true type identified from Burkard counts (columns). Diagonal elements represent correct classifications,

while off-diagonal values indicate misclassifications. Numbers above columns show the number of reference samples per type.

Overall, these results demonstrate that combining PS2 data with meteorology, dominant pollen types can be identified

effectively. The method is adequate to capture the primary seasonal dynamics of in-situ measurements of airborne pollen,

even though classification accuracy varies depending on the type of pollen.330

4 Conclusions

This study provides new insights into the vertical distribution and optical properties of airborne pollen using lightweight optical

sensors compared with laboratory measurements and models. The PS2 pollen sensor demonstrated strong agreement with

CDA measurements, confirming its reliability for real-time monitoring. The polarization scatter plot of birch and pine pollen

showed distinct differences, supporting the use of PS2 for the identification and classification of certain pollen types. Vertical335

profiles revealed a clear decrease in pollen concentration with height, which is consistent with boundary layer dynamics. The

differences observed between the Burkard and the PS2 at 4 m indicate that Hirst-type samplers may report higher pollen

concentrations than optical sensors due to sampling and counting characteristics. This highlights the importance of considering

specific instrument biases when combining datasets against mixed measurement types. While the SILAM model reproduced the
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vertical gradient of concentration, it systematically overestimated pollen concentrations. This highlights the need for improved340

parameterization of pollen release, dispersion and deposition. These results also emphasise the importance of high-resolution

observational datasets for improving models.

The integration of compact sensors offers a practical approach for continuous pollen monitoring at multiple heights. Such

measurements can enhance allergy forecasting and improve atmospheric transport models. Future work should focus on ex-

panding the range of monitored types, applying machine–learning for automated classification and extending observations to345

urban environments with more complicated dynamics and PM background like anthropogenic aerosols.

Our results demonstrate that the PS2 sensor and machine–learning methods work very well synergistically to provide reli-

able classifications of airborne pollen. By combining optical signals with meteorological data, the classifier achieved robust

identification of the dominant pollen taxa. The approach performed best for Poaceae, Betula and Pinus while some challenges

remained for less abundant groups such as Alnus, Picea and Urtica. Despite these limitations, the method consistently captured350

the main seasonal dynamics of airborne pollen. These findings highlight the potential of lightweight optical sensors, when

coupled with machine–learning, to provide real–time pollen information in support of pollen monitoring.
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