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Abstract. Long-term particle number size distribution (PNSD) observations are sparse and costly to maintain, limiting their

use for prediction and process attribution. We develop a Bayesian regression with autoregressive (AR) errors and sequential

prediction, estimating posteriors via Markov chain Monte Carlo (MCMC). The study uses multi-year data set from 1996 till

2024, hourly observations from three Finnish SMEAR stations—SMEAR I (Värriö), SMEAR II (Hyytiälä), and SMEAR III5

(Helsinki)—with predictors drawn from routinely measured meteorology and trace gases. The developed model was applied

on 5 different scenarios with different aims.Scenario I showed that expanding the historical training period improve or stabilize

prediction performance. Scenario II demonstrated that predictive performance depends strongly on the training year. Sce-

nario III showed that adding increasingly old observations provide no additional benefit once recent observations were already

included. Scenario IV demonstrated that progressively updating the model with more recent data generally improved predic-10

tive performance. Scenario V showed that increasing the length of consecutive training windows generally reduced prediction

errors. Addtionally, the model captures both diurnal and seasonal variability and achieves high coefficients of determination

(R2) at 1 h resolution indicating that most observed variability is explained. These results suggest a successful prediction for

particle number concentrations. The potential of this approach is to make future forecasting for particle number concentrations

for the up coming years.15
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1 Introduction

An aerosol is a two–phase system consisting of solid and/or liquid particles suspended in a carrier gas, which is the air (Hinds,

1999). Aerosols can be emitted directly to the atmosphere from primary sources or be formed in situ via nucleation-mode of

gas–phase species(Kulmala et al., 2022; Thakur et al., 2022; Peltola et al., 2026; Paasonen et al., 2013; Zaidan et al., 2020).

New particle formation (NPF) is commonly defined as a sudden burst of sub–nanometer (1–3 nm) particles followed by their20

subsequent growth(Kulmala et al., 2004; Kerminen et al., 2018; Lee et al., 2019). NPF proceeds in two main stages (Kulmala

et al., 2014, 2013; Lehtipalo et al., 2025): (i) the formation of a critical cluster during the transition from vapor to a condensed

phase, and (ii) growth of this cluster to larger diameters (typically 2–3 nm and beyond) while competing against losses.

Atmospheric aerosols influence climate through both direct and indirect effects (Kulmala et al., 2005, 2013; Kerminen et al.,

2012) . Direct effects arise from scattering and absorption of radiation, while indirectly by modifying cloud properties by25

acting as cloud condensation nuclei (Kulmala et al., 2005). From a health perspective, ultrafine particles (UFP; Dp < 100 nm)

dominate number concentrations, deposit efficiently in the respiratory tract, and may translocate to extrapulmonary organs;

number–based metrics are therefore important for exposure assessment (Hussein et al., 2015; Ma et al., 2022).

Particle size distribution (PSD) observations are important to exposure and impacts assessments. However, spatially dis-

tributed PSD monitoring remains sparse because instruments are expensive to deploy, maintain, and operate as well as require30

regular calibration (McMurry, 2000; Seinfeld and Pandis, 2016), limiting coverage and continuity. To bridge these observa-

tional gaps, researchers increasingly rely on modelling approaches that broadly fall into two classes: (1) Deterministic dis-

persion and chemical–transport models and (2) statistical models assisted with machine learning (ML) and artificial intelli-

gence (AI). Deterministic dispersion and chemical–transport models explicitly represent sources and sinks but require detailed

emissions inventories and substantial computational resources (Seinfeld and Pandis, 2016; Jacob, 1999). In contrast, statistical35

models learn empirical relationships from observations and can be deployed operationally with modest requirements (Mølgaard

et al., 2012). Prior work has used meteorology, traffic activity, or both to estimate particle number concentrations (Hussein et al.,

2006; Westmoreland et al., 2007; Liu et al., 2008), while extensive statistical forecasting has focused on gas–phase pollutants

(Schlink et al., 2006; Chelani and Devotta, 2006; Hrušt et al., 2009; Cheon et al., 2009; Kumar and Jain, 2010; Moustris et al.,

2010; Jaiswal et al., 2018; Wei et al., 2019; Koo et al., 2020; Middya and Roy, 2022; Zaidan et al., 2020). For example, Hussein40

et al. (2006) modelled daily mean number concentrations using temperature (T ) and wind speed (U ) with second–order poly-

nomial terms across 36 wind sectors, achieving good performance for daily means but without capturing diurnal variability or

providing an operational forecast. Building on this line of work, Mølgaard et al. (2012) incorporated traffic intensity, relative

humidity (RH), and temporal factors (time of day, day of week, seasonality) and added an autoregressive component within a

Bayesian framework; however, their analysis covered only a short period (2006–2008). In parallel, deep–learning approaches45

have been proposed to estimate number size distributions or bin–wise concentrations from routine covariates (Wu et al., 2025).

Despite these advances, there remains a notable lack of long time–series, multi–site studies that jointly model or predict

nucleation–mode concentrations across contrasting environments. Very few efforts combine multi–year datasets from multi-

ple sites and simultaneously predict nucleation, UFP, and accumulation modes in urban, boreal–forest, and remote settings.
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However, there remains a notable lack of long time series data, PSD records, and multi-site studies that jointly model or pre-50

dict nucleation-mode concentrations across contrasting environments. As a result, very few studies have combined long-term

datasets from multiple sites and simultaneously predicted the nucleation mode in three distinct settings (e.g., urban, boreal

forest, and subarctic / remote background).

Here, we address this gap by integrating long-term observations from three environments and developing a statistical frame-

work that leverages routinely measured meteorology and gas-phase pollutants to estimate particle number concentrations with55

explicit emphasis on the nucleation mode, UFP, and accumulation mode.

Figure 1. A map of Finland showing the locations of the SMEAR (Station for Measuring Ecosystem-Atmosphere Relations) stations:

SMEAR III (Helsinki–Kumpula; urban background), SMEAR II (Hyytiälä; rural boreal forest), and SMEAR I (Värriö; subarctic / remote

background site).
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2 Methodology

2.1 Data base and data handling

The data utilized in this study consists of aerosol particle number size distributions, gases, and meteorological conditions. The

data bases were collected from the SMEAR network (Station for Measuring Ecosystem–Atmosphere Relations). The primary60

purpose of the SMEAR stations is to measure exchanges of momentum, energy, and matter in different environments and to

provide continuous long-term measurements of the chemical and physical properties of atmospheric aerosols, gas pollutants,

turbulent exchange, and basic meteorology (Junninen et al., 2025). In this study, we focus on three SMEAR stations: Helsinki

(SMEAR III), Hyytiälä (SMEAR II), and Värriö (SMEAR I) Fig. 1. SMEAR III is an Urban background site located on the

Kumpula campus, about 4 km NNE of Helsinki city centre (Järvi et al., 2009). SMEAR II is a boreal forest site situated in a65

Scots pine forest near Hyytiälä. SMEAR I is rural background located in Värriö, close to the Russian border and north of the

Arctic Circle and represents a remote location with very low local emissions (Järvi et al., 2009).

The quality of the aerosol and meteorological data was checked. Detailed analysis was performed to remove suspicious data.

Additionally, both data sets were aggregated to the the hourly average by retaining only values above the 80th percentile. Daily

averages were then calculated from the filtered hourly data, followed by monthly and annual means derived from the daily.70

2.1.1 Particle number size distributions

The particle number size distributions were measured with a Differential Mobility Particle Sizer (DMPS) at all selected sites.

The DMPS technique is based on bipolar charging of aerosols followed by size classification according to electrical mobility in

a Diffeential Mobility Analyzer (DMA). Bearing in mind we are dealing here with long-term aerosol data base, it is acceptable

to expect differences in the DMPS system setup changing from time to time at the same site as a matter of updates in the75

system or increasing the capability of the system to cover a wider particle diameter range. Besides that, it is also acceptable

that the DMPS systems operated at the selected SMEAR sites slightly varied in setup. However, the DMPS systems were

maintained and calibrated regularly to ensure comparability and standardization. In general, the cut-off diameter of the DMPS

systems was below 10 nm and the upper diameter range was about 950 nm at most. Detailed information about the DMPS

system in the past 25 years can be found in our previous publications about SMEAR stations included in this study (Järvi et al.,80

2009) (Tunved et al., 2003). All aerosol measurements underwent standardized quality-assurance, laboratory verification, and

correction procedures to ensure data validity prior to analysis.

The particle number concentration N was calculated by integrating the particle number size distribution dN
d logDp

over the

relevant diameter range,

N =

∫
n0
N (Dp)d(logDp). (1)85
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2.1.2 Supporting gaseous and meteorological conditions data-base

The gaseous concentrations and meteorological conditions data were used as input variable for traning and prediction at all

sites. The gaseous components included here were: ozone (O3), nitrogen oxides (NO, NO2, NOx), sulfur dioxide (SO2), and

carbon monoxide (CO). The meteorological conditions included: Temperature (T), relative humidity (RH), precipitation (P),

solar radiation (SR), and wind speed (WS) and direction (WD). These gaseous and meteorological variables were selected for90

their high data completeness to minimize imputation and to preserve the contiguous time series required by the auto regres-

sive component. For Helsinki (SMEAR III), meteorological variables were obtained from the Helsinki Region Environmental

Services Authority (HSY) because these measurements provided higher temporal coverage.

Although the seasons length vary from southern to Northern Finland, but assumed standard seasons as follows: winter

(December–February), spring (March–May), summer (June–August), and autumn (September–November) (Ruuskanen et al.,95

2003).

The measurement setup varied at the three sites, but the measurement followed a standard protocol and calibration. In

Helsinki (SMEAR III) and Hyytiälä (SMEAR II), gaseous components, T, WS and WD were measured at a height about 4.0–

4.4 m. In Värriö (SMEAR I), gaseous components were measured at a height about 2 m, T and WS at about 4.4m, and WD at100

16m.

2.2 Bayesian Generalized Additive Model (GAM)

We assumed that particle number concentrations in each size fraction (nucleation, ultrafine (UFP), and accumulation) follow

a log-normal distribution. Histograms of hourly particle number concentrations N for the different size fractions–nucleation105

(Dp < 25 nm), UFP (Dp < 100 nm), and accumulation (Dp > 100 nm)–at the three sites (Helsinki, Hyytiälä, and Värriö) are

shown in (Fig. 2) and support this assumption.
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Figure 2. Histograms of hourly particle number concentrations N for the different size fractions: nucleation-mode (10≤Dp ≤ 25 nm),UFP

(10≤Dp ≤ 100 nm), and accumulation-mode (100≤Dp ≤ 300 nm)in (a–c) Helsinki(SMEAR III), (d–f) Hyytiälä (SMEAR II), and (g–i)

Värriö (SMEAR I).

Accordingly, we consider the following mathematical formula for the GAM model:

logN = f(x)+ ε, (2)

where N is the particle number concentration for a certain particle size fractions, x is the vector of covariates, and ε is an error110

term assumed to follow a normal distribution.

2.2.1 Bayesian GAM formulation

Following Aldrin and Haff (2005) and Mølgaard et al. (2012), we model the particle number concentration, logN , as linear in

its parameters. The covariates include meteorological variables wind speed (U ), wind direction (WD), temperature (T ), precip-

itation (P ), solar radiation (SR), relative humidity (RH) and trace gases [SO2, NO2, CO, and O3]. The temporal structure is115

captured by a periodic component f(t) with separate weekday versus weekend/holiday diurnal harmonics, seasonal harmonics,

their interactions, and a linear trend. The relationship between particle number concentration and the covariates can be written

6
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as

logN = C(ϕ)+ a1(ϕ)U + a2(ϕ)U
2 + b1(ϕ)Tt + b2(ϕ)T

2 + d(ϕt)RH

+ factor ∗P + factor ∗SO2 + factor ∗NO2 + factor ∗CO+ factor ∗O3 + factor ∗SR

+ f(t)+ ε

(3)

where C(ϕ) is a wind-direction–dependent baseline, a1(ϕ) and a2(ϕ) modulate the linear and quadratic wind-speed effects,120

b1(ϕ) and b2(ϕ) modulate the linear and quadratic temperature effects, d(ϕ) modulates the humidity effect, the β’s are regres-

sion coefficients for precipitation, radiation, and trace gases, f(t) is the time-dependent component, and εt is an error term

assumed to follow a normal distribution.

By using the leading terms of a Fourier series in wind direction, we parameterise each of the functions C, a1, a2, b1, b2, and

d with seven parameters. For example,125

a1(ϕ) = a1,1 +
3∑

j=1

{a1,2j sin(jϕ)+ a1,2j cos(jϕ)} , (4)

and analogous expressions are used for C(ϕ), a2(ϕ), b1(ϕ), b2(ϕ), and d(ϕ) with their own sets of coefficients.

The function of time f(t) is composed of periodic functions of the time of day and the time of year and a linear trend to

account for long-term changes. To capture daily variations, periodic functions are applied separately for weekdays and for

weekends/holidays. Let t be measured in days, td = 2πt the time of day, and ty = 2πt/365.25 the time of year. Let Ioff(t) be130

an indicator equal to 1 on weekends and holidays and 0 on workdays. Then The function of time f(t) can be written as

f(t) = 1off(t)

2∑

j=1

{τ1 + τ2 sin(jtd)+ τ2j+1 cos(jtd)}

+
[
1− 1off(t)

] 2∑

j=1

{τ2j+4 sin(jtd)+ τ2j+5 cos(jtd)}

+sin(ty)

2∑

j=1

{τ2j+8 sin(jtd)+ τ2j+9 cos(jtd)}

+cos(ty)

2∑

j=1

{τ2j+12 sin(jtd)+ τ2j+13 cos(jtd)}

+

2∑

j=1

{τ2j+16 sin(jty)+ τ2j+17 cos(jty)}+ τ22 t,

(5)

where td = 2πt and ty = 2πt/365.25 with t measured in days, 1off(t) is an indicator function equal to 1 on weekends and

holidays and 0 on workdays, and the τ ’s are parameters.

Aldrin and Haff (2005) have mentioned that the error termε is auto-correlated. This problem occurs when we are modeling a135

time series. To address this, Chib (1993) developed a clear/robust framework to handle regression models with autocorrelated

errors. He proposed a model in the following form

7
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yt =XT
t β+ εt, (6)

where the error term follows an autoregressive structure

εt = ut +ϕ1εt−1 + · · ·+ϕpεt−p, (7)140

with yt denoting the observation at time t, X⊤ the vector of covariates at time t, and β the vector of regression coefficients.

The parameters ϕ1, . . . ,ϕp are autoregressive coefficients, and ut is an independent normally distributed innovation with mean

zero and standard deviation σ. This framework can be directly applied to our setting because the regression model in Eq. (3) is

linear in its parameters. In our study, we set yt = logN and define X and β accordingly.

We applied this autoregressive error formulation at 1 h, 3 h, and daily resolutions. Specifically, we included six autoregressive145

parameters corresponding to lags of one time step: 6 h, 12 h, 24 h, 2 d, and 1 week. At the 3 h resolution, this corresponds to an

ϕ-vector with 56 components, of which ϕ1, ϕ2, ϕ4, ϕ8, ϕ16, and ϕ56 are allowed to be non-zero. We verified that, with these

six non-zero parameters, the innovation process ut shows no remaining autocorrelation.

2.2.2 Bayesian GAM inference and prediction

This model was implemented in a Bayesian framework. Bayesian inference provides a principled way to combine prior infor-150

mation with observed data. By adhering to the likelihood principle, it yields consistent inferences across different sampling

designs and offers intuitive interpretations, such as assigning 95 % probability that the true parameter vector lies within a 95 %

credible interval. Let Θ denote the parameter vector and z a generic set of observations. The conditional probability density of

Θ given z is obtained from Bayes’ theorem

p(Θ | z) = p(z |Θ)p(Θ)

p(z)
, (8)155

where p(z |Θ) is the conditional density of z given Θ (the likelihood), p(Θ) is the prior density, and p(z) is the marginal

density of z. When z is fixed, p(z) acts as a normalising constant.

To use Bayes’ theorem in our model we set z = yL, where yL denotes the learning (training) observations, and we define

Θ=




β

ϕ

σ


 ,

with β the regression coefficients from Eq. (3), ϕ the autoregressive parameters from Eqs. (6)–(7), and σ the innovation160

standard deviation. The corresponding covariates are collected in XL. We indicate learning data by the subscript L on both yL

and XL. Under a prior that is independent of XL, Bayes’ theorem gives the posterior

p(Θ |XL,yL) =
p(yL |Θ,XL)p(Θ)

p(yL,XL)
. (9)
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We assume limited prior information about the parameters. Thus, all reasonable choices of the prior would yield very similar

posterior distributions. Following Chib (1993), parameter vectors for which
∑

j ϕj > 0.99 are assigned zero prior probability,165

ensuring stationarity of the autoregressive error process. For the remainingparameters we use an improper reference prior as

suggested by Chib (1993).Forecasts of yt can be obtained from the posterior distribution. Because the error term in Eq. (7)

is autoregressive, forecast distributions depend on previous values of εt and must be computed sequentially in chronological

order, starting from the first unknown value of yt. Let n denote the index of the last known observation at the time of forecasting,

and let the subscript W denote the last week of known observations (XW ,yW ). The one-step-ahead forecast distribution for170

time n+1 is

p
(
yn+1 |Xn+1,XW ,yW ,XL,yL

)
=

∫

Θ

p
(
yn+1 |Θ,Xn+1,XW ,yW

)
p
(
Θ |XL,yL

)
dΘ. (10)

This equation shows that the integration is over the multidimensional parameter space Θ of Θ. In this study we condition

on the forecasted covariates Xn+1 and do not integrate over their uncertainty. This simplifies the analysis and focuses on the

response model, while likely yielding optimistic accuracy relative to fully operational forecasting in which future covariates175

(e.g. tomorrow’s temperature, wind,and gases) are themselves uncertain. All values of εt are functions of Θ,XW ,yW . In

practice, the data sets (XW ,yW ) and (XL,yL) overlap, although for computational reasons this need not always be the case.

Once the forecast distribution of yn+1 is determined, the corresponding forecast error εn+1 becomes available. This can then

be used in the calculation of the next forecast distribution. The two-step-ahead forecast distribution for time n+2 is

P
(
yn+2 |Xn+2,Xw,yw,yl,Xl

)
=

∫

ϵn+1,Θ

P
(
yn+2 |Θ,Xn+2, ϵn+1,Xw,yw

)

×P
(
ϵn+1 |Θ,Xw,yw

)
×P

(
Θ | yl,Xl

)
dΘdϵn+1. (11)180

By iterating this procedure, it is in principle possible to continue making forecasts arbitrarily far into the future. However, it is

expected that the uncertainty of the forecasts yn+ℓ increases as the forecast horizon ℓ grows.

Monte Carlo (MC) methods were used to evaluate the integrals in Eqs. (10) and (11). In particular, we drew samples Θ from

the posterior distribution p(Θ |XL,yL). Markov chain Monte Carlo (MCMC) algorithms are generic and effective tools for

sampling from such posterior distributions. However, they must be used with care because successive samples of the parameter185

vector are not independent, and the convergence of the Markov chain needs to be monitored. We employed the Gibbs sampler

proposed by Chib (1993), which is a specific type of MCMC algorithm tailored to regression models with autoregressive errors.

There is a possibility that the algorithm may visit a neighbourhood of the parameter space where the sum of the components

of the autoregressive vector ϕ is close to one. In such states the conditional distribution of the regression coefficients β can

be highly uncertain, and the corresponding update may be poorly identified. Moreover, when updating ϕ, the algorithm may190

repeatedly select vectors whose elements approximately sum to one. As a consequence, the Markov chain can become trapped

in a local maximum of the posterior.

In addition, the algorithm involves matrix inversions that are nearly singular when
∑

j ϕj is close to one, which may lead to

numerical instability. The forecast distribution is calculated when the sample from the posterior is available. When implement-

9

https://doi.org/10.5194/ar-2026-42
Preprint. Discussion started: 9 November 2026
c© Author(s) 2026. CC BY 4.0 License.



ing the Gibbs sampler, the first 200 iterations were discarded as burn-in. Discarding an initial part of the chain is necessary195

because the Markov chain must converge to its stationary distribution before the samplesrepresent the target posterior. Fur-

thermore, when fitting the model some of the residuals ut could not be computed due to missing data in the covariates. These

residuals were therefore excluded from the likelihood evaluation.

2.2.3 Training and applying the GAM model

We applied the GAM prediction for different particle size fractions (Nucleation mode (10≤Dp ≤ 25 nm), UFP fraction (10≤200

Dp ≤ 100 nm), and Accumulation mode (100≤Dp ≤ 300 nm) based on hourly ; in other words, training and prediction was

performed with the same data set. The GAM model was trained and applied for the three sites based on five scenarios from

year 1996 till 2024

Scenario I: training data included all available data-set and prediction was performed for a whole certain year; for example,

year 2020 was predicted based on training data during 1996–2024. Accordingly, we performed in total as many as 28 predic-205

tions for each site.

Scenario II: training the data included a specific year used to predict another year; for example, year 2005 was predicted based

on training data during different individual years (for example year 2020 or 1999 regardless of before or after the predicted

year). Accordingly, for each site, we performed 29× 29 matrix of predictions (841 in total).

Scenario III: training was based on a group of years (at least two years) and prediction for a following year; for example, year210

2024 was predicted from many trainings including different previous years: 2022–2023 (two years), 2021-2023 (three years),

2020–2023 (four years), and so on until 1999–2023 (28 years). Accordingly, the total number of predictions for all years was

378. Note in this prediction scenario, the end year in training was always one year before the predicted year.

Scenario IV: training was based on a group of years (at least one year) and prediction for a later year; for example, year 2024

was predicted from many trainings including different previous years: 1996 (one year only), 1996–1997 (two years), 1996–215

1998 (three years), 1996–1999 (four years), and so on until 1996–2023 (28 years). Accordingly, the total number of predictions

for all years was 351. Note in this prediction scenario, the start year in training was always 1996.

Scenario V: training was based on a group of years (at least 2 year) and prediction for a later year; for example year 2024

was predicted several times (25 predictions) by training two years (namely: 1996–1997, 1997–1998, 1998–1999, and so on

until 2022–2023) and then predicted several times (24 predictions) by training three years (namely: 1996–1998, 1997–1999,220

1998–2000, and so on until 2021–2023), and so on. In total for year 2024 there were 325 predictions with training years varying

from 2 years up to 26 years. Accordingly, the total number of predictions made for all years between 1996-2024 following this

scenario was 20475.
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2.2.4 Performance and prediction quality check225

The GAM model provides the estimated (expected) value of the particle number concentration at time

Ŷt = E[Yt]. (12)

The model performance can be assessed by several measures: mean squared error (MSE), mean absolute error (MAE), the

coefficient of determination (R2), Root mean square error (RMSE) and mean percentage error (MPE). They are mathematically

written as230

MSE=
1

n

∑

m

(Ym − Ŷm)2, (13)

MAE=
1

n

n∑

i=1

|Ym − Ŷm|, (14)

235

R2 = 1−
∑

m(Ym − Ŷm)2∑
m(Ym − Ȳ )2

= 1− MSE

Var(Y )

n

n− 1
, (15)

where Ym is the true value, Ŷm is the predicted value, and n is the number of samples.

RMSE =

√√√√ 1

n

n∑

i=1

(yi − ŷi)
2 (16)

MPE=
100

n

n∑

i=1

(
yi − ŷi
yi

)
(17)240

The model was first implemented, followed by an evaluation of its prediction performance. We optimised the sequential

updating approach presented by Dawid (1984) . As more learning data become available over time, the model prediction is

expected to improve by leveraging this accumulated information. The posterior distribution p(Θ |X,y) of the parameters is

therefore updated successively. This step could in principle be carried out on a daily or hourly basis, but to reduce computa-

tional time and effort we updated p(Θ |X,y) only every 20th day. In our framework we assume that the forecast is issued245

every afternoon, using particle number measurements available up to noon. The prediction distribution is then calculated for

the subsequent two days, from midnight to midnight.
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The R2, MSE, MAE,RMSE, and MPE were calculated based on the hourly predictions. Additionally, we evaluated the

model performance change among different scenarios and within each scenario, the R2 was calculated and compared as a250

function of training data length and time gap between training data and predicted year. For instance,

Loss =R2
best −R2 (18)

where R2
best is the highest R2 for that training data, and R2 is the value for a given predicted year. A loss of zero indicates

that the year is the best-performing year, while larger values indicate lower performance. Finally, for each training window, the

median loss, the 25th percentile, the 75th percentile, and the maximum loss were calculated. The median loss represents the255

typical reduction in performance relative to the best year, the inter quartile range shows the spread.

3 Results and Discussion

3.1 An overview about the particle number concentrations

Total particle number concentrations Ntot in Helsinki (SMEAR III) exhibited a decreasing long-term trend since late 1990s.260

This decreasing trend is explained by controlled emissions from anthropogenic activities. In general, Ntot in Helsinki was

dominated by ultrafine particles (UFP; 10≤Dp < 100 nm), which also exhibited the same decreasining trend (Fig. 3a and

Fig. 4b). Ntot and also UFP concentrations were higher in the winter than in the summer reflecting a strong seasonal variation.

This was mainly due to increased emissions and variations in meteorological conditions (low temperature and inversion). For

example, UFP and Ntot concentrations were affected by traffic and heating emissions (traced by NO2 and CO) that could265

be trapped beneath shallow boundary layer in the winter. The Nucleation mode (Nnuc; 10≤Dp ≤ 25 nm) concentration also

showed similar decreasing trend as those for UFP and Ntot (Fig. 4a). Nnuc also showed a seasonal variations reflecting the

occurrence of high anthropogenic emissions in the winter and high frequency of new particle formation (NPF) in the spring.

Nacc showed a slightly decreasing trend but also exhibited a seasonal variability (Fig. 4c).

270

In Hyytiälä (SMEAR II), Ntot was generally lower than what was observed in Helsinki but it maintained a rather constant

annual variation with a clear seasonal variation (Fig. 3c) . The UFP concentration in Hyytiälä also dominated Ntot and interest-

ingly, all particle size fractions maintaned a rather constant annual variation and as expected they exhibited a seasonal variation

(Fig. 4). In Värriö (SMEAR I), Ntot was generally lower than those in Helsinki and Hyytiälä and all particle size fractions

maintained rather constant annual variations with clear seasonal variations (Fig. 3 and Fig. 4).275

3.1.1 Particle number concentration variation with meteorological conditions

A critical part in successful prediction is to pre-investigate the relationship between the input parameters and the predicted

parameters (here particle number concentration). The input parameters included meteorological parameters and gaseous com-

ponents. The temperature and wind speed usually have the major part affecting the aerosols concentrations because these
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Figure 3. Time series for the total particle number concentration (Ntot) in (a) Helsinki (SMEAR III), (b) Hyytiälä (SMEAR II), and (c)

Värriö (SMEAR I). 13

https://doi.org/10.5194/ar-2026-42
Preprint. Discussion started: 9 November 2026
c© Author(s) 2026. CC BY 4.0 License.



1

10

N
nu

c (
×1

03  c
m

−3
)

(a)

Helsinki

Monthly mean
Annual mean

0.01

0.1

1

(b)

Hyytiälä

Monthly mean
Annual mean

0.01

0.1

(c)

Värriö

Monthly mean
Annual mean

1

10

N
UF

P (
×1

03  c
m

−3
)

(d)

0.1

1

(e)

0.1

1 (f)

1996 2000 2004 2008 2012 2016 2020 2024
years

0.1

1

N
ac

c (
×1

03  c
m

−3
)

(g)

1996 2000 2004 2008 2012 2016 2020 2024
years

0.1

1

(h)

1996 2000 2004 2008 2012 2016 2020 2024
years

0.01

0.1

(i)

Figure 4. Time series for particle size fraction number concentration in Helsinki (SMEAR III) panels (a) nucleation (10≤Dp ≤ 25 nm), (d-f)

UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm), Hyytiälä (SMEAR II) panels (d) nucleation (10≤Dp ≤ 25 nm),

(e) UFP (10≤Dp ≤ 100 nm), and (f) accumulation (100≤Dp ≤ 300 nm), and Värriö (SMEAR I) panels (g) nucleation (10≤Dp ≤ 25

nm), (h) UFP (10≤Dp ≤ 100 nm), and (i) accumulation (100≤Dp ≤ 300 nm).14

https://doi.org/10.5194/ar-2026-42
Preprint. Discussion started: 9 November 2026
c© Author(s) 2026. CC BY 4.0 License.



parameters affect the boundary layer as well as dispersion and dilution of pollutants in the air. The wind direction also play280

a role in dilution when clean air enters the region and mixes with the local air that contains local air pollution within the

boundary layer. Particle number concentrations, in general, have either positive or negative correlation with some gaseous air

pollutants. The positive correlation is likely indicating that the aerosol particles and those gaseous pollutants originate from the

same source. the negative correlation is yet to be investigated depending on the physicochemical dynamics and gas-to-particle

relationship in the air. As an advantage of the positive correlation, prediction of aerosol particle number concentration can285

be enhanced by including those gaseous components that originate from the sources as those of the particulate matter . For

example, it is most likely that UFP as well as nucleation mode particles concentrations have a high correlation coefficient with

NOx, which can be a good predictor for number concentrations; and thus, be included in the model training (Fig. 5).
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Figure 5. Correlation coefficients between size-fractionated particle number concentrations and selected meteorological and gaseous vari-

ables at Helsinki, Hyytiälä, and Värriö. Rows correspond to nucleation-mode particles (Nnuc), ultrafine particles (NUFP), and accumulation-

mode particles (Nacc). Blue bars indicate Spearman correlation coefficients and orange bars indicate Pearson correlation coefficients.

3.1.1.1 The effect of wind speed and direction290

In Helsinki (SMEAR III), all particle size fractions exhibited a decreasing trend as wind speed increases showing that

ventilation and dilution under stronger winds, reduces the contribution of near-field sources and lower the urban background

loading. (Hussein et al., 2006) (Fig. 6)..

In Hyytiälä (SMEAR II), Nnuc and UFP exhibited an increasing trend as wind speed increased , which is completely the

opposite compared to Helsinki, where as Nacc showed a similar pattern this is consistent with stronger winds being associated295
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with better ventilation and reduced accumulation-mode loading which can increase the survival probability of freshly formed

clusters into the nucleation-size range (Dal Maso et al., 2005) (Fig. 6).

In Varrio (SMEAR I), all particle size fractions exhibited slightly increasing trend, opposite to Helsinki, suggesting that

particle number is strongly influenced by air-mass origin (Vehkamäki et al., 2004) (Fig. 6).

In Helsinki(SMEAR III) particle number concentrations are systematically higher across all size fractions, reflecting the300

strong influence of urban primary emissions and regional air-mass transport (Järvi et al., 2009). The median concentrations

of the three size fractions decreased with increasing wind speed, indicating enhanced ventilation and dilution under stronger

winds, which reduce the contribution of near-field sources and lower the urban background loading (Hussein et al., 2006). On

the other hand, the wide spread within each wind-speed bin shows that wind speed alone cannot explain the variability, since

high concentrations occur across the full wind-speed range. This indicates that short term source variability and changes in305

boundary-layer mixing also influence the observed concentrations ( Fig. 6 a Fig. 6d Fig. 6g )

At Hyytiälä (SMEAR II), concentrations are lower than in Helsinki, reflecting the cleaner background conditions at the

boreal forest station (Hari and Kulmala, 2005; Kulmala et al., 2004). Nacc decreases with wind speed, whereas Nnuc shows

a modest increase in the median. This pattern is consistent with stronger winds being associated with better ventilation and

reduced accumulation-mode loading which can increase the survival probability of freshly formed clusters into the nucleation-310

size range (Dal Maso et al., 2005) (Fig. 6 b Fig. 6e Fig. 6h )

At Värriö (SMEAR I) concentrations are the lowest overall, consistent with the remote subarctic setting and weaker local

sources (Hari and Kulmala, 2005). The medians for Nnuc, NUFP ,and Nacc tend to increase with wind speed, suggesting that

particle number is strongly influenced by air-mass origin and episodic events (Vehkamäki et al., 2004) (Fig. 6c Fig. 6f Fig. 6i )
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Figure 6. Wind-speed dependence of size-fractionated particle number concentrations at three SMEAR sites. Helsinki (SMEAR III), Hyytiälä

(SMEAR II), and Värriö (SMEAR I). Rows show nucleation-mode Nnuc, ultrafine NUFP, and accumulation-mode Nacc Scatter points are

coloured by wind direction (WD) binned into 30◦ sectors. Red boxplots summarise the distribution of N within wind-speed bins (median

and interquartile range

3.1.1.2 The effect of temperature and relative humidity315

In Helsinki (SMEAR III), Nnuc and UFP exhibit the same trend, concentrations are high at lower temperature and decrease

to 0 and then remain constant. This behaviour is consistent with enhanced cold-season primary particle production and reduced

dilution under stable, shallow boundary layers in winter(Järvi et al., 2009). Nacc how only a weak temperature dependence with

a shallow U-shaped pattern (Järvi et al., 2009; Tunved et al., 2003). This response is expected because particles with diameters

> 100 nm represent a mixture of regional background aerosol and urban contributions, which are less tightly coupled to320

instantaneous local emissions than smaller modes (Tunved et al., 2003; Okuljar et al., 2021)(Fig. 7 ).

18

https://doi.org/10.5194/ar-2026-42
Preprint. Discussion started: 9 November 2026
c© Author(s) 2026. CC BY 4.0 License.



In Hyytiälä (SMEAR II), Nnuc and UFP shows a constant value. This is due to concentrations occurred mainly under low to

moderate relative humidity rather than under the most humid conditions, suggesting that NPF was favoured during relatively

dry and photochemically active periods, whereas high humidity was associated with conditions less favourable for particle

formation and survival, and also reflect a balance between NPF production, subsequent growth and removal by coagulation325

and wet scavenging (Kulmala et al., 2004; Kerminen et al., 2018) (Fig. 7e). Nacc increases strongly toward warm temperatures,

indicating efficient warm-season growth into CCN-relevant sizes (Hari and Kulmala, 2005; Kerminen et al., 2018). A key

driver is the temperature dependence of biogenic VOC emissions and their oxidation to low-volatility products that promote

condensational growth and secondary organic aerosol formation (Ehn et al., 2014; Kulmala et al., 2004) (Fig. 7h).

In Värriö (SMEAR I) particle size fractions exhibits different trend compared to Helsinki and Hyytiälä except for Nacc.330

Nnuc values shows a constant trend local primary urban sources are largely absent (Kerminen et al., 2018) (Fig. 7).Relative

humidity was generally high over a broad temperature range, suggesting that cleaner,drier, and more photochemically favorable

air masses supported nucleation more effectively than very humid conditions. for UFP concentrations generally increases with

temperature, pointing to enhanced warm-season secondary production and growth under clean conditions (Kulmala et al., 2004;

Kerminen et al., 2018) forNacc also increases toward warm temperatures, consistent with summer secondary aerosol formation335

and growth in a remote background environment ((Ehn et al., 2014; Tunved et al., 2003) (Fig. 7).

3.1.2 Particle number concentration versus gases

3.1.2.1 Variation with respect to NOx and O3

In Helsinki (SMEAR III), all particle size fractions exhibited an increasing trend as NOx increased, this is due to the influence

of local and regional anthropogenic sources on particle number concentrations at the sites (Järvi et al., 2009; ?; Laakso et al.,340

2003), The highest-NOx points are associated with the lowest-O3, supporting a fresh-plume regime where NO rapidly titrates

ozone (NO + O3 → NO2) and suppresses O3 close to sources (Seinfeld and Pandis, 2016) (Fig. 8).

In Hyytiälä (SMEAR II), Nnuc and UFP shows a constant median range, as NOx increases O3 remains constant this is

consistent with NPF being frequent under relatively clean, photochemically favourable conditions at a boreal forest site where

low condensation sink allows newly formed clusters to survive and grow into the nucleation-mode size range(Kerminen et al.,345

2018; Dada et al., 2017, 2018). Nacchave an increasing trend as NOx increases indicating that active photochemistry and more

aged/regionally mixed air, conditions typically associated with NPF occurrence and growth. (Laakso et al., 2003; ?) ( Fig. 8).

In Värriö (SMEAR I) the all particle size fraction exhibit the same trend compared to Hyytiälä, as NOx increases the O3

remains constant that consistent with a remote subarctic background site where local primary combustion sources are minimal

and variability is dominated by air-mass history and regional-scale processes rather than direct local emissions(Hussein et al.,350

2009) ( Fig. 8).

3.1.2.2 Variation with respect to CO and SO2

In Helsinki (SMEAR III), all size fractions increase strongly with CO, acting as an indicator of combustion influence and

polluted air-mass conditions at an urban background site,indicating that urban/regional pollution conditions, vapour availability,
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Figure 7. Temperature dependence of nucleation-mode (10≤Dp ≤ 25 nm),UFP (10≤Dp < 100 nm), and accumulation-mode (100≤
Dp ≤ 300 nm) particle number concentrations in Helsinki (SMEAR III) Hyytiälä (SMEAR II) Värriö (SMEAR I) Scatter points show
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and competing sink effects that can limit the survival of freshly formed clusters under the most polluted conditions (Kerminen355

et al., 2018; Järvi et al., 2009; Seinfeld and Pandis, 2016; ?; Laakso et al., 2003). The SO2 colouring further indicates that the

highest-CO conditions are frequently accompanied by elevated SO2 (Fig. 9).

In Hyytiälä (SMEAR II), Nnuc, UFP exhibits a different trend compared to Helsinki indicating that CO alone is not a

strong discriminator of nucleation and UFP number concentration at this boreal forest site. This is consistent with Nnuc being

governed mainly by precursor availability and cluster survival against the condensation and coagulation sink (Kulmala et al.,360

2004; Kerminen et al., 2018; Dada et al., 2017, 2018). NUFP exhibits at most a weak negative tendency with increasing CO,

whereas Nacc increases clearly with CO,consistent with transported/aged pollution enhancing the accumulation mode and

strengthening the overall sink (Laakso et al., 2003; ?) (Fig. 9).

3.2 GAM model predictions

3.2.1 Scenario I365

In Scenario I, the model is applied to each year, using training data for each target year that includes all available data from the

first year through the year immediately preceding the target year.

In Helsinki (SMEAR III), the model exhibits different performance for the particle size fractions. For Nnuc, R2 is relatively

high during the early years and declines during the later years. This is consistent with the error metrics: lower values occurred

during the early years and then increased toward several later years.370

For UFP, R2 shows consistent patterns throughout all years, where it fluctuates between 0,78 and 0,83. The MAE, MSE, and

RMSE show lower values and narrow ranges after the first year, while MPE is almost 0.

for Nacc, the R2 shows an increasing trend across the predicted years. The MAE, MSE, and RMSE generally decline over

the same period, with some individual-year fluctuations. MPE also remains comparatively small for most years.

In Hyytiälä (SMEAR II) and Värriö (SMEAR I), a similar pattern was observed across the three particle size fractions. For375

Nnuc, UFP, and Nacc, the R2 improved as additional years were added to the training years, while MAE, RMSE, and MSE

decreased and became more stable.

In Hyytiälä (SMEAR II), the R2 for Nnuc drops below 0.4 in 1999 because there was no spring observation in the training

dataset. Therefore, the model had not learned the spring pattern before predicting 1999 because there are no values for the

nucleation mode in the dataset. In contrast, the high R2 in 1998 is partly because data were only available in July and from380

October to December, so the model was evaluated only during those periods.
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Figure 8. Scatter plot of O3 and NOx for nucleation-mode (10≤Dp ≤ 25 nm),UFP (10≤Dp < 100 nm), and accumulation-mode (100≤
Dp ≤ 300 nm) particle number concentrations in Helsinki (SMEAR III), Hyytiälä (SMEAR II), and Värriö (SMEAR I). Scatter points show

hourly data coloured by O3.
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Figure 9. Scatter plots of SO2 and CO for nucleation-mode (10≤Dp ≤ 25 nm), UFP (10≤Dp < 100 nm), and accumulation-mode (100≤
Dp ≤ 300 nm) particle number concentrations in Helsinki (SMEAR III), Hyytiälä (SMEAR II), and Värriö (SMEAR I). Scatter points show

hourly data coloured by SO2.
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Figure 10. plot showing the R2 for scenario I in Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö (SMEAR I):(a-c) nucleation-mode

(10≤Dp ≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 11. plot showing the Mean Absolute Error (MAE) for Scenario I in Helsinki (SMEAR III), Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp ≤ 25 nm), (d-f) UFP (10≤Dp ≤ 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 12. plot showing the Mean Squared Error (MSE) for Scenario I in Helsinki (SMEAR III) ,Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp ≤ 25 nm), (d-f) UFP (10≤Dp ≤ 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 13. plot showing the Root Mean Squared Error (RMSE) for Scenario I in Helsinki (SMEAR III) ,Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp ≤ 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 14. plot showing the Mean Percentage Error (MPE) for Scenario I in Helsinki (SMEAR III) ,Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp ≤ 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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3.2.2 Scenario II:

Scenario II is a single-year training in which the model is trained separately on each year and then used to predict every year

in the dataset. The heatmaps show clear differences in predictive performance among particle-size fractions and measurement

sites.385

Across Helsinki (SMEAR III), Hyytiälä (SMEAR II), and Värriö (SMEAR I), the R2 values are generally moderate to high

for Nnuc, UFP, and Nacc, with Nacc showing the highest and most consistent performance. Several vertical bands of lower

R2 are observed for specific training years, indicating that some individual years are less transferable to other target years.

In Helsinki, this is particularly evident for 2000 and 2024, which are affected by substantial missing data for the particle-

size fractions. The MAE, RMSE, MSE, and MPE heatmaps show a similar overall pattern, with lower prediction errors for390

well-represented training years and higher errors for years with limited data availability.
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Figure 15. plot showing the R2 for Scenario II in Helsinki (SMEAR III) ,Hyytiälä (SMEAR II), and Värriö (SMEAR I):(a-c) nucleation-

mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 16. plot showing the Mean Absolute Error (MAE) for Scenario II in Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 17. plot showing the Mean Squared Error (MSE) for Scenario II Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 18. plot showing the Root Mean Squared Error (RMSE) for Scenario II in Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 19. plot showing the Mean Percentage Error (MPE) for Scenario II in Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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3.2.3 Scenario III

The main aim of Scenario III is to address whether adding older observations improves prediction once the recent years before

the target are already included. In Helsinki (SMEAR III), for Nnuc and UFP, theR2 gradually decreases as older years are

added to the training period. The MAE, RMSE, and MSE generally remain stable for many of these target years rather than395

decreasing. Nacc is less sensitive to the length of the training period, where R2 remains high across all training years. MAE,

MSE, and RMSE are the same as older years are added to the training set. additionally MPE remains very small several few

percentage from the 0.

In Hyytiälä (SMEAR II), for Nnuc,theR2 is constant across the training years, meaning that increasing old historical data

does not influence the model prediction; additionally, the difference in R2 is not significant.400

For UFP, the different target years have clearly different levels of R2, with later target years generally showing higher

predictive performance , but individual curves remain mostly stable as older historical years are added. MAE and RMSE

likewise show relatively small changes; MPE shows an increase in percentage as training years increase.

for Nacc, the R2 shows a very high values across the training years. MAE, RMSE, and MSE change only slightly, and MPE

is approximately close to 0.405

In Värriö (SMEAR I), results show particularly clear stability across training-window lengths. For Nnuc, individual tar-

get years have different R2, but within each target year the curves are mostly flat as additional training years are included.

MAE, RMSE, and MSE also change relatively little with training-window length. This means that differences in predictive

performance are associated with the target year itself rather than with the number of historical years used for training.

For UFP. R2 values differ among target years but remain relatively constant within each line as the training period becomes410

longer. The error metrics similarly show only minor changes.

Nacc particles show the greatest stability. R2 remains consistently very high across almost all training lengths, generally

around 0.95–0.97, while MAE, RMSE, and MSE remain low and nearly constant.
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Figure 20. plot showing the R2 for Scenario III Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö (SMEAR I):(a-c) nucleation-mode

(10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 21. plot showing the Mean Absolute Error (MAE) for Scenario III in Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 22. plot showing the Mean Squared Error (MSE) for Scenario III in Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 23. plot showing the Root Mean Squared Error (RMSE) for Scenario III Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 24. plot showing the Mean Percentage Error (MPE) for Scenario III in Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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3.2.4 Scenario IV

In Scenario IV, the starting year is fixed at the first available year, while the end of the training period is progressively extended415

toward the target year. The main goal of Scenario IV is to address how prediction improves when a model initially trained only

on early historical data is progressively updated with more recent observations approaching the target year.

In Helsinki (SMEAR III), for Nnuc, R2 generally increases as the training period expands, with the greatest improvement

occurring during the shorter training windows before performance begins to stabilize. UFP shows an even clearer increasing

tendency: R2 rises substantially as more years are added and then approaches a relatively stable level for longer training420

periods.

Accumulation-mode particles also benefit from the expanding training period. R2 increases rapidly during the first few

training years and subsequently changes only slightly, while MAE and RMSE decrease markedly before reaching relatively

stable values.

MPE results show that very short training periods also produce large systematic biases, particularly for nucleation-mode425

particles and UFP; as the training period expands, these large biases are substantially reduced, and the MPE generally moves

closer to zero.

In Hyytiälä (SMEAR II),Nnuc, UFP, the earlier short training windows show lower R2, particularly for several earlier target

years, whereas adding more observations generally increases R. Later target years remain around or above approximately

0.90 after the model contains sufficient historical information. For Nacc accumulation-mode particles, performance is already430

comparatively high, but there is still a clear initial improvement as the training window expands. R2 rises during the first few

years and subsequently becomes relatively stable at approximately 0.95–0.96.

In Hyytiälä (SMEAR II), the R2 changes among target years even when the same two-year training window is used. This is

because each target year has different meteorological conditions, gas concentrations, seasonal patterns, and particle behavior.

The autoregressive terms are also important, since the relationship between the current and previous-hour Nnuc concentra-435

tions changes from year to year. Years with stronger temporal persistence generally have higher R2, while years with weaker

persistence are harder to predict.

In Värriö (SMEAR I), For nucleation-mode particles and for UFP Accumulation-mode particles s, R2 generally increases

slightly or remains stable as the training period expands. The error metrics show larger changes during the shortest training

periods, followed by substantially more stable values once several years have been added.440

In Värriö (SMEAR I), for nucleation-mode particles and for UFP Accumulation-mode particles s, R2 generally increases

slightly or remains stable as the training period expands. The error metrics show larger changes during the shortest training

periods, followed by substantially more stable values once several years have been added.
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Figure 25. plot showing the R2 for Scenario IV in Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö (SMEAR I):(a-c) nucleation-

mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 26. plot showing the Mean Absolute Error (MAE) for Scenario IV in Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 27. plot showing the Mean Squared Error (MSE) for Scenario IV in Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 28. plot showing the Root Mean Squared Error (RMSE) for Scenario IV Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 29. plot showing the Mean Percentage Error (MPE) for Scenario IV Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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3.2.5 Scenario V

The aim of scenario v is to show how predictive performance changes as the length of a consecutive training window increases,445

when the training window can occur anywhere in the historical record before the target year.

In Helsinki (SMEAR III), for Nnuc, UFP, and Nacc, the R2 results generally show the complementary pattern: for many

target years, R2 increases as the window length increases, although the magnitude of improvement differs substantially among

target years. MAE, RMSE, MSE, and MPE decrease markedly as the training period increases from the shortest windows, with

the largest reductions occurring within approximately the first few training years.450

In Hyytiälä (SMEAR II),Nnuc, UFP, and Nacc show a particularly pronounced effect for some early target years. Very

short training windows can produce exceptionally large prediction errors and low R2, whereas performance improves sharply

when the training window is extended. For UFP, the effect is more gradual. MAE, RMSE, and MSE generally decrease with

increasing training-window length across most target years. R2, however, changes relatively little for many of the target years

compared with the substantial reductions observed in the error metrics. This is important: a longer window can improve the455

absolute accuracy of the predictions even when the proportion of explained variability changes only slightly.

In Värriö (SMEAR I), the results are somewhat different because R2 is already comparatively high and stable for many

particle-size fractions. For nucleation-mode particles, the absolute level of predictive performance varies considerably among

target years, but within individual target years R2 generally changes only moderately as training length increases. In contrast,

MAE, RMSE, and MSE show a clearer decrease during the first few increases in training-window length before approaching460

relatively stable values.

For UFP, R2 remains very high for many target years—frequently around 0.93–0.96—and changes relatively little once

several training years are available. Nevertheless, the error metrics decline substantially over the shorter training windows

before becoming almost flat. This suggests that the benefit of additional training data at Värriö is more evident in reducing

prediction error than in substantially increasing explained variance.465

Nacc exhibit the highest and most stable performance. R2 is generally around 0.95–0.97 and shows only modest improve-

ment with increasing training-window length.
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Figure 30. plot showing the R2 for Scenario V in Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö (SMEAR I):(a-c) nucleation-

mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)

48

https://doi.org/10.5194/ar-2026-42
Preprint. Discussion started: 9 November 2026
c© Author(s) 2026. CC BY 4.0 License.



3 6 9 12 15 18 21 24 27
Training years

0.25

0.30

0.35

0.40

0.45

0.50

0.55

0.60

M
AE

 (
#

 c
m

3 )

(a)

Nuc

3 6 9 12 15 18 21 24 27
Training years

0.4

0.6

0.8

1.0

1.2

1.4

M
AE

 (
#

 c
m

3 )

(b)

3 6 9 12 15 18 21 24
Training years

0.30

0.35

0.40

0.45

0.50

M
AE

 (
#

 c
m

3 )

(c)

3 6 9 12 15 18 21 24 27
Training years

0.25

0.30

0.35

0.40

0.45

0.50

M
AE

 (
#

 c
m

3 )

(d)

UFP

3 6 9 12 15 18 21 24 27
Training years

0.18

0.20

0.22

0.24

0.26

M
AE

 (
#

 c
m

3 )

(e)

3 6 9 12 15 18 21 24 27
Training years

0.18

0.20

0.22

0.24

0.26

M
AE

 (
#

 c
m

3 )

(f)

2 4 6 8 10 12 14 16 18
Training years

0.14

0.16

0.18

0.20

0.22

M
AE

 (
#

 c
m

3 )

(g)

Acc

3 6 9 12 15 18 21 24 27
Training years

0.11

0.12

0.13

0.14

0.15

0.16

0.17

M
AE

 (
#

 c
m

3 )

(h)

3 6 9 12 15 18 21 24 27
Training years

0.12

0.13

0.14

0.15

0.16

M
AE

 (
#

 c
m

3 )

(i)

Helsinki Hyytiälä Värriö

Target year
1998
1999
2000
2001
2002

2003
2004
2005
2006
2007

2008
2009
2010
2011
2012

2013
2014
2015
2016

2017
2018
2019
2020

2021
2022
2023
2024

Figure 31. plot showing the Mean Absolute Error (MAE) for Scenario V in Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 32. plot showing the Mean Squared Error (MSE) for Scenario V in Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 33. plot showing the Root Mean Squared Error (RMSE) for Scenario V in Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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Figure 34. plot showing the Mean Percentage Error (MPE) for Scenario V in Helsinki (SMEAR III),Hyytiälä (SMEAR II), and Värriö

(SMEAR I):(a-c) nucleation-mode (10≤Dp <≤ 25 nm), (d-f) UFP (10≤Dp < 100 nm), and (g-i) accumulation (100≤Dp ≤ 300 nm)
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3.2.6 limitations of the model

The limitations of the model for the performance parameters ( R2, MSE, MAE, RMSE, and MPE) show some anomalies in

the values because of the lack of data in the training data, which is expected.470

3.2.7 variation in predictions

Our model demonstrates high prediction skill for the nucleation-mode, UFP, and accumulation modes at 1 h resolution, as

measured by the fraction of variance explained, R2. Much of this performance stems from the inclusion of NO, NOx, and

SO2 among the predictors. NO and NOx are emitted locally from traffic and are strongly correlated with UFP, while SO2 is

an important precursor for particle growth and contributes to the accumulation mode, including through long-range transport.475

In addition, the model incorporates temperature (T ), wind speed (U ), and wind direction (WD) to represent boundary-layer

mixing; NO2 as a vehicle-emission tracer; and O3 together with solar radiation (SR) to capture the photochemical oxidant

capacity. An explicit time structure f(t)—diurnal, weekly, and seasonal harmonics combined with autoregressive errors—

encodes recurring cycles and short-memory dynamics, further improving predictive skill.

In Helsinki (SMEAR III), the model predicts the number concentration in all size fractions. For nucleation-mode particles,480

the high coefficient of determination shows that the model explains most of the variability. The Ultrafine particle fraction is

also predicted well, likely because its variability is strongly linked to traffic- and combustion-related emissions. Predictors such

as NO, NOx, wind speed, temperature, and wind direction help explain these changes. In contrast, accumulation-mode parti-

cles are less affected by short-term local fluctuations and are more strongly influenced by regional transport and background

conditions.485

In Hyytiälä (SMEAR II), the high R2 for the nucleation mode indicates that the model captures the main variability in

aerosol dynamics at this boreal forest site. The predictors explain the effects of biogenic precursor emissions, solar radiation,

condensation sink, and boundary-layer development. The R2 for ultrafine particles indicates that their variability is controlled

by atmospheric chemistry, particle growth, and meteorological conditions that are well represented in the model. Accumulation-

mode particles show the most stable agreement because they are mainly influenced by regional background conditions and490

long-range transport.

In Värriö (SMEAR I), aerosol concentrations are less affected by local anthropogenic emissions and more influenced by

clean air masses, regional transport, atmospheric chemistry, and meteorological conditions. For nucleation-mode particles, the

model captures a substantial part of the variability, indicating that the predictors describe the main controlling processes.
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3.2.8 Acceptability of the model formulation495

The model is developed under the assumption that the u error terms are independently and normally distributed. Based on this

assumption, the autocorrelation is zero for all the non-zero lags is expected to be zero. This assumption is supported by our

analysis, which shows the autocorrelation of the u error terms remains statistically insignificant, indicating a lack of temporal

dependence. In our model formulation, we assumed that ut error term ut is independent and normally distributed; under this

assumption, the autocorrelation is 0 for all non-zero lags (Fig. 35). shows that the autocorrelation of generated u values remains500

close to 0; additionally, we have plotted the autocorrelation of ε. Clearly, the term ε is autocorrelated; thus the autoregressive

structure was mandatory in our model formulation. We have run our model with additional nonzero autoregressive coefficients,

which reduced the autocorrelation of the error term u, but the main disadvantage was that the computational time increased

significantly without improving the prediction accuracy.

Figure 35. Autocorrelation functions for the AR error ut (blue) and the model residuals εt (orange) for UFP (10≤Dp < 100 nm) with a

3-hour time step.
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4 Conclusions505

This work demonstrates that a Bayesian regression with autoregressive (AR) errors—driven only by routinely measured par-

ticle size distributions, meteorology, and trace gases—can reliably predict size-fractionated particle number concentrations

across three contrasting environments: SMEAR I (Värriö; remote Arctic background), SMEAR II (Hyytiälä; boreal forest),

and SMEAR III (Helsinki; urban background). By explicitly capturing daily, weekly, and seasonal cycles together with short-

to synoptic-scale autocorrelation, the framework reproduces observed temporal cycles and, at 1-hour resolution, explains a510

large fraction of the variability (high R2).

We set out to test whether common weather and gas measurements can predict nucleation-mode and other size ranges;

whether repeating patterns and day-to-day carryover can be embedded; and whether skill persists across years and sites using

long records.

The results support all three aims: the model captures site-specific seasonality (spring–summer nucleation-mode in Hyytiälä/Vär-515

riö; winter UFP in Helsinki), preserves diurnal structure (workday/weekend contrasts), and maintains robust predictive skill

under sequential forecasting. Solar radiation (SR), O3, and SO2 emerge as steady predictors of nucleation-mode, while NO2

and CO mark combustion-related enhancements in UFP; meteorology then controls dispersion, condensational growth, and

wet removal. Across sites, Helsinki has the highest N but shows a long-term decline; Hyytiälä exhibits biogenic spring peaks

with no strong trend; and Värriö remains lowest, with variability driven by air-mass origin and precipitation.520

Our model was applied on 5 different scenarios. Scenario I aim to predict the next year taken into consideration all previous

years into the training data.Scenario II is a single year prediction, where each year in the dataset is being predicted from different

year. Scenario III goal was to check how adding older observation into the training dataset would improve the predictions of

the recent years. Scenario IV addresses how the prediction of the model will perform when a historical starting point is

progressively updated with more recent observations before the target year. The aim of Scenario V is to evaluate how predictive525

performance changes as the length of a consecutive training window increases, while allowing the training window to occur at

different periods within the historical record before the target year.

Our results show that, in Scenario I, expanding the historical training period improves or stabilizes prediction performance

depending on the size fractions. In Scenario II the predictive performance of the model depends on the year used for the

training. In Scenario III indicates that including increasingly older observations does not substantially improve prediction once530

recent data are already available. In Scenario IV indicates that progressively updating the model with more recent observations

improves prediction performance. In Scenario V, increasing the length of a consecutive training window generally improves

prediction performance.

Our statistical prediction model demonstrates high accuracy in predicting nucleation-mode, UFP and accumulation mode

particle number concentrations with 1h resolution. The model performance can be attributed to the consideration of different535

meteorological and gas pollutants that directly or indirectly influence particle formation, growth, and removal. Windspeed,

wind-direction, temperature, are consistently among the strongest predictors. Across training years and prediction-window

lengths, R2 stayed consistently high,where MAE, MSE, RMSE and MPE remained almost closed to 0.
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Limitations arise when relationships learned under one mix of emissions and weather shift as background pollution changes

(non-stationarity). In addition, missing measurements and instrumentation differences can introduce bias and extra uncertainty.540

For operators lacking full PNSD instrumentation, this framework provides a low-cost, interpretable, and deployable pathway

to hourly particle-number forecasts—supporting exposure assessment, health alerts, and network design. In sum, our Bayesian

AR framework offers a practical, transparent route to operational forecasting across contrasting environments. Future work

should couple the model to forecasted meteorology and gases, adapt to regime shifts, and quantify tail risk—turning high skill

into robust, real-world guidance.545
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