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MODELLING AIR POLLUTION AS AN INDICATOR OF THE IMPACT
OF THE REGION'S ECOLOGICAL-ECONOMIC SYSTEM ON SOCIAL WELFARE

Air pollution poses a critical threat to public welfare due to its impact on public health and labour productivity. This
paper refines and empirically validates a methodology for short-term forecasting of PM2.5 and PM10 concentrations
in the air by analysing transport and environmental data using the ensemble method of extremely randomised trees.
The authors previously tested the basic methodology on data from New York City. The scientific novelty lies in the
extension of the methodology through the introduction of a three-component structure of time lags, the development of
economic activity variables based on the interaction between transport demand and the daily rhythms of urban activity,
and the confirmation of the generalisability of the approach using data from two geographically distant cities. The results
form the basis for the development of cost-effective environmental monitoring systems and evidence-based decision-
making in the fields of environmental policy, urban mobility management and the assessment of environmental and
economic benefits in the context of public welfare.

Keywords: machine learning, ensemble methods, ExtraTrees, particulate matter, air pollution forecasting, traffic flow
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MOJIEJIOBAHHS PIBHA 3ABPYJAHEHHS ITIOBITPSA
AK IHAUKATOPA BIIJIMBY EKOJIOI'O-EKOHOMIYHOI CUCTEMH
PET'TOHY HA CYCHIJIBHUU JOBPOBYT

3a0pyMHEHHS OBITPS y BEJMKHUX MiCTaX CTAHOBUTH CEPHO3HY 3arpo3y JUlsl COLIaIbHOTO 100po0yTy uepes CBiil BILTUB
Ha 37I0pOB’sl HACEJICHHS Ta MPOAYKTHBHICTb Ipalli, TOJI SIK CTBOPEHHS LIUILHOT MEpEKi KOHTPOJIbHUX BHMIPIOBAIBHUX
CTaHIIN 3aUIIAeThCs (PIHAHCOBO HEOCTYITHUM JUTS O1TBIIOCTI MYHIIIUITATHFHUX OFO/KETIB. MeTa T0CIiHKEHHS MOJISTae
B PO3IIMPEHHI Ta eMITIpHYHIN MepeBipIli METOMOOTI] KOPOTKOCTPOKOBOTO IPOTHO3YBAHHS KOHIICHTPAIli YaCTHHOK Y
armocdepi (PM2,5 ta PM10) Ha 0OCHOBI aHaJTi3y JaHUX IIPO TPAHCIIOPT Ta HABKOJIMIIHE CEPEIOBHILE 3 BUKOPUCTAHHIM
METOIIB MaIlIMHHOTO HaBUYaHHS, 30KpeMa aHcamOieBoro merony «EkctpemanbHo panmomizoBanux JepeB» (Extremely
Randomised Trees). L{st MeToxom0Tist GyiIa MOMEpPeHbO PO3pOOIECHA aBTOPAMH Ha OCHOBI JaHKX mpo Micto Heio-Mopk.
BHecok aBTOpiB nomsrae B yTOYHEHHI CTPYKTYPH 3MIHHHX 13 YaCOBHUM JiaroM, (hOpMyBaHHI ITOKa3HHWKIB €KOHOMIYHOT
AKTHBHOCTI Ta MEPEBIpIli IHOTO ITiIXOAY B iHIIOMY TeorpadivHOMY KOHTEKCTi. HaykoBa HOBH3HA aHOI pOOOTH IOJSATAE
y 3aIpOBaJUKCHHI TPUKOMIIOHEHTHOI CTPYKTYPH YacOBHX JIariB, IO OXOIUIIOE IHTEPBAIU B OIHY, [BI Ta TPH T'OJHHH;
y po3po0Ili MOKa3HHWKIB €KOHOMIUYHOT aKTMBHOCTI Ha OCHOBI B3a€MOJIii 1HTEHCHBHOCTI JOPOXHBOTO PyXy 3 JOOOBUM
npodizeM MiCbKOi aKTUBHOCTI; @ TAKOXK Y HIATBEPIKEHHI MOXKIIMBOCTI 3aCTOCYBaHHSI IIbOTO 1 JIXO/1Yy JI0 IBOX TeorpadivyHo
BiIanicHUX MicT. EMmipuyne gocmipkeHHs Oyio mpoBeIeHO Ha OCHOBI JanuX npo Kuis, mo mictiiu 126 000 moroauH-
HUX CIIOCTEPEXXEHb 3 JIECATH ITyHKTIB MOHITOPHUHTY 3a 2023-2024 poxu. Ha He3anexHii TecToBii BHOIpI MOJeb Jlasia
nosicaennst 87,1 % amcnepcii npioroi ¢paxmii ta 85,0 % maucnepcii rpy0oi ¢pakiii, mpu bOMy cepenHi adCOMOTHI
MOXMOKM CTAaHOBWIIM BigmoBigHO 1,55 Ta 2,73 mikporpama Ha KyOiuHui MeTp. [IopiBHIHHS 3 pe3yasTaTaMu, OTpUMaHH-
MU I Hbm-ﬁopKa, MOKa3ye, IO MOJIETIOIOUNHN JIAaHITIOKOK 30epirac BUCOKY TOYHICTh, HE3BAKAIOUM HA BiAMIHHOCTI B
KJIIMaTHYHUX YMOBaX, TPAHCIIOPTHIN 1HYPACTPYKTYPi Ta CTPYKTYPi EKOHOMIYHOT JIsNTBHOCTI WX J1BOX MicT. [IpakTnune
3HAYEHHS] OTPUMAHUX PE3YNBTATIB MOJISATAaE B MOXKIMBOCTI 30€peKeHHS] MEHII HIIJIbHOT MepesKi BUMIPIOBAIbHUX CTAHIIH,
CBOEYACHOTO TIONIEPEPKEHHS BPA3JIMBUX I'PYI HACEJICHHS Ta ITONEPEAHBO] OLIIHKM TPAHCIIOPTHOT Ta €KOJIOTTYHOT ITOTITHKH
LIIIXOM MOJICIFOBAHHS CLICHApIiB, 0 B CYKYIHOCTI CTBOPIOE OCHOBY JUISl OLIHKH €KOJIOTO-eKOHOMIYHOI KOPHUCHOCTI

peTioHy B KOHTEKCTI COIiaIbHOTO T0OpOOyTY.

KuiouoBi ciioBa: mannHHe HaBuaHHs, ancamOieBi metonu, ExtraTrees, TBep/1i 4aCTHHKH, TPOTHO3YBaHHS 3a0pyIHEHHS
TIOBITPSI, IHTEHCHBHICTB TPAHCIIOPTHOT'O ITOTOKY, EKOJIOTTYHHI MOHITOPHHT, €KOJIOTO-EKOHOMIYHA KOPHCHICTD, CyCITUIbHUN

T0OpOOYT.

Problem statement. The quality of ambient air is
considered to be one of the most pressing environmental
challenges of the twenty-first century, with consequences
for public health and quality of life on a global scale. As
stated in the Health Effects Institute's (2024) analytical
report, air pollution is considered to be the second most
significant risk factor for mortality, contributing to more
than 8 million deaths per year [5]. The global scale
of the problem is confirmed by data from the World
Health Organisation, which indicates that almost 99%
of the world's population breathes air that exceeds the
WHO air quality guideline limits, posing considerable
risks to public health and economic development [13].
The issue is particularly pronounced in urban areas,
where high population density and extensive industrial
and economic activity result in a significant deterioration
in ambient air quality.

The transport sector plays a decisive role within
the structure of urban pollution. It produces a wide
range of pollutants, including fine particulate matter
measuring less than 2.5 and 10 micrometres in
diameter (PM2.5 and PM10, respectively), that directly
contribute to respiratory and cardiovascular diseases
[5]. According to the European Environment Agency,
the transport sector accounted for 30.9% of PM10 and
PM2.5 emissions across the European Union's 27 member
states in 2023 [3]. Fig. 1 illustrates the dynamics of their
atmospheric release by vehicle category.

Similar challenges with air pollution from the
transport sector are faced by Ukrainian cities. Studies
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of the ecological situation in Kyiv have shown that road
transport is one of the main sources of atmospheric
pollution in the capital, alongside energy generation
and industrial enterprises [9]. Due to limited municipal
budgets, establishing a dense network of conventional
monitoring stations is not financially viable, making
cost-effective alternative air quality monitoring and
forecasting systems essential.

Analysis of recent research and publications.
Contemporary studies in air quality forecasting may be
classified by the technological approaches they employ.

Traditional approaches to the monitoring of
atmospheric pollution rely on networks of stationary
measuring stations equipped with high-precision
instruments. Kumar et al. [8] posit that, while such
systems offer high measurement accuracy, they are
characterised by limited spatial coverage and high
operating costs, which motivates the use of low-
cost sensing technologies. An additional alternative
is represented by the satellite monitoring methods
developed by van Donkelaar et al. [12]. It is evident that
such methods provide global coverage; however, they
are characterised by low temporal resolution and limited
accuracy in urban areas due to cloud cover.

While traditional monitoring methods were being
developed, advances in computer vision opened up
new possibilities for analysing traffic flows. Redmon et
al. [10] developed the YOLO (You Only Look Once)
architecture, which enables real-time object detection.
Subsequent refinements of this architecture, including
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Figure 1. Emissions of PM2.5 (a) and PM10 (b) from the transport sector in the EU-27 by transport mode,
1990-2023, Gg per year

Source: adapted by the authors from [3]

YOLOI11, have achieved vehicle detection accuracy of
over 95%, while maintaining high processing speeds.
However, most studies in this area concentrate on the
technical aspects of detection without integrating them
with environmental modelling.

In the field of algorithmic support for forecasting,
ensemble machine learning methods have made a
significant contribution. Breiman [2] proposed the
Random Forests method, which has become fundamental
to many regression analysis applications. Geurts et
al. [4] then built on this by developing the Extremely
Randomised Trees (ExtraTrees) algorithm. This differs
from Random Forests in the way that splitting thresholds
are selected, and it exhibits reduced prediction variance.

Zheng et al. [15] further advanced the integration
of machine learning methods with environmental
monitoring by proposing the U-Air system, which
uses big data to infer urban air quality. Meanwhile,
Karagulian et al. [6] conducted a systematic review of
the contributions of local sources to ambient particulate
matter concentrations in cities worldwide, confirming
the importance of the transport sector in this regard.
In a recent study, Kostadinov et al. [7] applied deep
learning methods to air pollution forecasting, focusing
on the impact of urban traffic on PM10 concentrations.
Notably, the study found that urban car traffic was not
the dominant contributor in the examined city. Previous
work by the same research group [1] evaluated recurrent
architectures for PM10 forecasting at 6-, 12-, and
24-hour time intervals, and compared their performance
with that of an ARIMA model. Both studies relied on
meteorological and historical concentration data rather
than direct measurements of traffic volumes.

A previous study by the present research team [14]
demonstrated the feasibility of using automated traffic
flow analysis to forecast PM2.5 and PM 10 concentrations
by integrating computer vision technologies with
ensemble methods. The system uses the YOLO11s model
to recognise and categorise six types of vehicle — private
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cars, taxis, commercial vehicles, medium trucks, heavy
trucks and buses — in complex urban traffic conditions.
The ExtraTrees algorithm uses multivariate regression
models to provide high-accuracy forecasts of PM2.5 and
PM10 concentrations. Empirical validation of more
than 50,000 observations in New York City confirmed
the stability and suitability of the methodology for
automated environmental monitoring systems.

Nevertheless, two key issues remain unresolved:
the geographical transferability of the methodology
to regions with different climatic, infrastructural and
economic characteristics; and the optimal configuration
of lagged variables for different types of pollutants,
taking into account their physicochemical properties and
how they behave in the atmosphere. These gaps define
the aim and objectives of the present study.

The purpose of the article. This study aims to
extend and empirically validate a short-term forecasting
methodology for atmospheric concentrations of
PM2.5 and PM10 particulate matter. This methodology
is based on machine learning and the analysis of
transport and environmental data [14]. It involves
refining the structure of temporally lagged variables and
developing features of economic activity based on the
interaction between traffic intensity and the city's diurnal
patterns. The approach's geographical generalisability is
confirmed through comparative validation using data
from two cities: Kyiv and New York.

Presentation of the main research material. The
research methodology comprises six sequential stages:
data preparation and preprocessing, construction of an
extended system of lagged variables, engineering of
economic activity features, training of a multi-output
ExtraTrees ensemble model, assessment of forecasting
accuracy, and comparative validation of the results.

Data sources and sample structure. This empirical
study integrates environmental and transport data from
Kyiv, covering the period from 2023 to 2024. Hourly
measurements of atmospheric pollutant concentrations
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were obtained from the open SaveEcoBot platform [11],
which aggregates data from a network of automated air
quality monitoring stations equipped with high-precision
sensors that continuously measure fine particulate
matter concentrations and meteorological parameters.
To maximise the relevance of the environmental data to
traffic intensity, ten monitoring stations were selected
that are located in the immediate vicinity of the city's
main traffic routes and junctions. For each location, mass
concentrations of PM2.5 (particles with a diameter of
less than 2.5 pm) and PM10 (less than 10 pm) expressed
in micrograms per cubic metre (pug/m?), together with air
temperature (°C), relative humidity (%), and a time stamp
accurate to the hour, were recorded at hourly resolution.
Table 1 shows the structure of the integrated dataset.
This includes hourly observations of environmental and
transport parameters at monitoring location 14 in Kyiv.

Information on traffic intensity was obtained from
Kyiv City Council's traffic monitoring system. As
complete historical data is not publicly available, a
traffic intensity model was developed based on detailed
data from a representative period, with extrapolation
over a two-year period. This model accounts for diurnal
patterns, including morning and evening peak hours,
as well as weekly and annual seasonality, the latter
reflecting vacation periods and public holidays.

The final dataset comprises 126,000 hourly
observations, which is sufficient to reliably train and
validate machine learning models, as well as detect
dependencies between predictors and target variables.
Data preprocessing was performed on this basis to
ensure the correctness of the modelling procedure.

Data preprocessing. To limit the influence of outliers,
extreme values were filtered using the thresholds
PM2.5<50 pg/m* and PMI10<100 pg/m3, which
correspond to the upper bounds of the concentration
range observed in urbanised areas in the absence of
extreme events such as forest fires or dust storms. To
construct lagged variables correctly, the dataset must be
sorted by location identifier and timestamp. This ensures
that measurements are ordered chronologically for each
location, prevents future values from being used as
predictors and preserves the model's causal structure.

To account for the autocorrelation structure of the
concentrations, a three-component lag system with lags of
1, 2 and 3 hours was applied to both pollutants. Grouping

by location identifier when constructing the lagged
variables ensures that lags are computed separately for
each observation point. This prevents data from different
locations being mixed together, which would violate the
temporal structure. Taking into account the time delay
between vehicle emissions and measurement by air
quality sensors, arising from dispersion and atmospheric
advection, the traffic intensity variable was introduced
with a three-hour lag.

In order to capture the city's diurnal patterns and
the differences in vehicle operating regimes, a system
of temporal characteristics and economic activity
indicators was developed. These features include the
time of day and day of the week, which model diurnal
and weekly traffic flow cycles. Two binary indicators
were introduced: the first distinguishes between working
days and weekends, and the second identifies business
hours — that is, the period of peak economic activity
characterised by intensive movement of commercial
and private transport (08:00-19:00). Additionally,
an interaction term was constructed between traffic
intensity and the business hours indicator, enabling the
model to capture different regimes of pollutant emission
depending on the time of day. The physical rationale for
this approach is that, during periods of high economic
activity, vehicles more frequently operate in idling
mode in congested areas with frequent stops. This is
accompanied by higher emission factors than during
periods of low activity when vehicles can move freely.

In the final stage, observations with missing values
were removed to ensure the training data was complete.
A forecasting model with the specifications outlined
below was then constructed.

Model specification. The final forecasting model
uses 15 numerical features, which cover five categories
of predictors. The transport component is represented by
current traffic intensity, its lagged value shifted by three
hours, and the interaction between traffic intensity and the
temporal context of economic activity. Meteorological
conditions are accounted for by air temperature and
relative humidity. The temporal structure is modelled
using the hour of the day and the day of the week, as
well as binary indicators for weekends and periods of
peak business activity. The autocorrelation dynamics
of pollutants are captured using six lagged PM2.5 and
PM10 concentration variables at 1-, 2-, and 3-hour

Table 1

Structure of air quality and traffic intensity monitoring data in Kyiv

Location ID Tls‘;ltf)lzcvgilt/ehn- PM2.5, pg/m* PM10, pg/m?| Temperature, °C Hun;/tdlty, Date and time
14 319 10.77 19.94 7.70 93.50 2023-01-01 00:00
14 150 13.79 24.56 9.35 93.50 2023-01-01 01:00
14 97 12.08 22.47 8.23 93.40 2023-01-01 02:00
14 108 10.04 19.30 8.90 93.40 2023-01-01 03:00
14 148 11.31 22.17 8.40 93.20 2023-01-01 04:00

Source: compiled by the authors based on [11]
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horizons. To account for spatial heterogeneity among
the ten observation points, reflecting differences in local
transport infrastructure, topography, and microclimatic
conditions, a categorical feature denoting the monitoring
location identifier is also included.

The following preprocessing tools from the scikit-
learn library were used for the differentiated processing
of numerical and categorical features:

— ColumnTransformer, = which  ensures the
differentiated processing of numerical and categorical
features by applying specific transformations to each
type of variable.

— StandardScaler standardises numerical variables
to zero mean and unit variance, which is important for
the stability of machine learning algorithms and for
ensuring a uniform scale across all features.

— OneHotEncoder, which converts the categorical
location identifier variable into binary indicators and
ensures proper handling of potential new categories in
the test data.

The core model is an ExtraTreesRegressor comprising
an ensemble of 600 decision trees. The algorithm uses
strong randomisation: at each node, it randomly selects
a subset of features and generates split thresholds, then
adopts the best candidate split. Each tree is fitted to the
entire training sample, without bootstrap resampling.
This randomisation increases the diversity of the base
estimators and reduces the variance of the ensemble
forecast.

To forecast the two target variables (PM2.5 and
PM10) simultaneously, the scikit-learn meta-estimator
MultiOutputRegressor was used to adapt the model
to multiple output variables. This approach involves
training separate ExtraTrees models for each pollutant,
while maintaining a single input feature space. This
ensures that the parameters for PM2.5 and PM10 can be
optimised independently. Advantages of this approach

include a unified data preprocessing pipeline for both
target variables, simplified system architecture and the
ability to generate forecasts for both pollutants from a
single model call.

The entire analysis process, from preliminary data
preparation to generating forecasts, is integrated into
a single automated system. This system's technical
architecture ensures consistent and coherent information
processing throughout the modelling process.

Structure of the monitoring system and system
requirements. The developed monitoring system
consists of two main components: a video analytics
module and an air quality forecasting module. The video
analytics module is based on the YOLO11s architecture
and performs real-time detection and classification of
vehicles (see Figures 2 and 3).

Figures 2 and 3 demonstrate the technical feasibility of
automatically collecting detailed traffic data, eliminating
the need for manual counting or sensors embedded in
the road surface. The system can distinguish between
different vehicle categories, which is important for
assessing the contribution of road traffic to air pollution
since emission factors can differ substantially between
vehicle types.

This module has the following minimum hardware
requirements: a four-core processor; 8 GB of random-
access memory; and 6 GB of disk space to store the
model, dependencies and logs. The system can recognise
objects at a rate of 5 frames per second when processing
an input video stream with a resolution of up to 720 p.

The air quality forecasting module wuses a
trained ExtraTrees model to produce hourly
PM2.5 and PM10 concentration forecasts. This module
has considerably lower hardware requirements,
needing only a two-core processor, 4 GB of random-
access memory and 1 GB of disk space for the stored
model and software dependencies. Forecasting takes
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Figure 2. Example of the automatic classification of vehicles by computer vision system
under urban traffic conditions for the collection of traffic intensity data

Source: compiled by the authors
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Figure 3. Detection and identification of different categories of vehicles in a mixed traffic flow
in the evening for the monitoring of traffic intensity

Source: compiled by the authors

20-30 milliseconds per prediction, enabling real-time
processing of data from multiple monitoring locations.
The forecasting module does not require a graphics
processing unit, meaning the system can be deployed on
standard server hardware without the need for additional
investment in specialised computing resources.

The pipeline applies the same processing procedures
to all data and prevents information from the hold-out
sample from being used in model construction. This
ensures an objective assessment of forecasting accuracy.
This accuracy was evaluated using an independent test
sample.

Model validation. To validate the model, the dataset
was divided into training and test samples, comprising
100,800 and 25,200 observations, respectively.
The 80:20 ratio is standard practice in machine learning.
This provides a balance between having sufficient data
for training and being able to make a reliable statistical
assessment of the quality of forecasts on independent
data.

Two principal metrics were used to evaluate
forecasting accuracy. The mean absolute error (MAE) is
computed as the mean of the absolute deviations of the
forecasts y, from the actual values y,. It is measured in
the same units as the target variable (pug/m?):

MAE = lz

i=1

Yi=Vil» (1)

where n denotes the number of observations in the
test sample.
The coefficient of determination R? is defined as
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n AN2
Z(y Y )
R=1-—,
< _\2
Zl(y i) )
where ¥ is the arithmetic mean of the actual values.
The coefficient represents the proportion of variance in
the target variable explained by the model. A value of
1 indicates a perfect forecast, while a value of 0 indicates
a forecast based solely on the mean.

Empirical forecasting results. The training of the
model on the training sample and the validation on the
independent test sample demonstrated high forecasting
accuracy for both pollutants. For PM2.5, a coefficient
of determination of R?>=0.871 was attained with a
mean absolute error of MAE =1.55 pg/m?. For PM10,
R?>=0.850 was obtained with MAE =2.73 pg/m?
These results indicate that the model explains 87.1% of
the variability in PM2.5 concentrations and 85.0% of the
variability in PM10, which suggests the adequacy of the
selected feature set.

A graphical analysis of the relationship between
actual and predicted values is presented in Figures
4 and 5. The scatter plots demonstrate a substantial
concentration of data points in close proximity to the
diagonal of the perfect forecast, visually corroborating
the high correlation between predicted and observed
concentrations. The model reproduces PM2.5 somewhat
more closely (R?=0.871) than PMI10 (R2 =0.850),
which is consistent with the more heterogeneous sources
of the coarse fraction. The residual dispersion visible

)
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for both pollutants is indicative of factors that are not
represented by the feature set, including secondary
formation in the atmosphere via chemical reactions,
long-range transport from regional sources, and complex
interactions with meteorological parameters.

As illustrated in Figure 5, a comparable trend is
evident for PM10, with the distribution of data points
expanding in the upper segment of the concentration
range. This phenomenon may be associated with rare
episodes of elevated pollution caused by atypical
meteorological conditions or by temporary emission
sources that are not represented in the model. The visual
analysis indicates a high degree of agreement between
predicted and observed values across most ofthe observed
range, with a tendency towards underestimation at high
concentrations.

To demonstrate the model's capacity to replicate
the temporal evolution of pollutant concentrations,
Figures 6 and 7 present a comparison of the actual and
predicted PM2.5 and PM10 values at location 14.

Figures 6 and 7 show a high degree of agreement
between the actual and predicted values, with the model
successfully reproducing both short-term fluctuations and
the general trend. The absence of systematic deviations
confirms that the model's forecasting accuracy is stable
over time.

Comparative analysis of the results. Comparing the
results of the present study on Kyiv data with those of

a previous study on New York data reveals important
regularities and confirms that the methodology can be
generalised. For PM2.5, forecasting accuracy improves
from R?>=0.776 in New York to R*=0.871 in Kyiyv,
a gain of 9.5 percentage points. This improvement
can be attributed to several factors that reflect the
methodological refinements of the present study.

The extended lag structure, which spans three
temporal horizons (1, 2 and 3 hours), enables
a more complex autocorrelation structure of
PM2.5 concentrations to be modelled. In contrast to
coarse particles, fine particles have a longer atmospheric
lifetime, meaning that information on concentrations in
the distant past is relevant for forecasting the current
state. Including lags at 2 and 3 hours enables the model
to account for the accumulation and gradual dispersion
of pollutants, which occur at distinct characteristic
timescales.

The engineering of economic activity features,
particularly the development of the business-hours
indicator and the interaction variable between traffic
intensity and temporal context, was important for
modelling the impact of transport. The operating
regime of vehicles has a significant impact on emission
intensity; idling in congestion during business hours,
for example, generates higher emission factors than
free-flow movement during periods of low activity.
The interaction variable enables the model to

50 A

40 -

30 A

Predicted

20 A

10 A

30 40 50

Actual

Figure 4. Comparison of actual and predicted PM2.5 concentration values
using the three-component lag structure R? = 0.871

Source: compiled by the authors
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Figure 5. Comparison of actual and predicted PM10 concentration values
using the three-component lag structure R’ = 0.850

Source: compiled by the authors
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Figure 6. Temporal dynamics of actual (blue line) and predicted (orange line) PM2.5 concentration values
for monitoring location 14 over 150 hours

Source: compiled by the authors

automatically detect and account for this effect,
eliminating the need for the explicit modelling of
complex nonlinear dependencies.

The larger sample size of 126,000 observations,
compared to the previous study, ensures better
representationacrossarange ofmeteorological conditions
and traffic intensity levels. This is particularly important
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for training ensemble methods, since a greater quantity
of data enables more diverse base estimators to be
constructed and the variance of the final forecast to be
reduced. Geographical specificity may also be a factor,
as Kyiv's transport infrastructure is less complex than
that of New York, which could simplify modelling the
impact of transport on air pollution.
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Figure 7. Temporal dynamics of actual (blue line) and predicted (orange line) PM10 concentration values
for monitoring location 14 over 150 hours

Source: compiled by the authors

For PM10, the opposite trend is observed: accuracy
declines from R?>=0.972 in New York to R?>=0.850
in Kyiv, a 12.2 percentage-point reduction. This can be
explained by the fundamental differences in the sources
and dynamics of the coarser fraction. PM10 includes
larger particles that are generated not only by exhaust
emissions, but also by non-exhaust emissions from tyre,
brake and road surface abrasion, construction work and
the resuspension of road dust. The spatial and temporal
variability of these sources is difficult to predict solely
from aggregated traffic intensity. This limitation is
becoming increasingly relevant over time. While total
particulate emissions from transport in the EU-27 fell by
53% between 1990 and 2023, the non-exhaust fraction
increased by 63.1% during this period [3].

The paucity of meteorological data, particularly the
absence of information on wind speed and direction,
has a critical effect on PM10 forecasting. While coarser
PMI10 particles settle onto surfaces more rapidly under
gravity than finer PM2.5 particles, wind flows can
substantially affect their spatial distribution. Indeed,
intense wind is capable of rapidly dispersing local
concentrations or, conversely, of transporting particles
from industrial zones or construction sites, thereby
creating episodes of elevated pollution in the absence
of immediate emission sources at a given location.
The influence of wind conditions is even more critical
for finer PM2.5 particles, which remain airborne for
longer and are transported over greater distances.
However, the inclusion of lagged concentration variables
partially compensates for the model's lack of direct
meteorological data.

Kyiv has a more continental climate with more
pronounced seasonal variations than New York, which is
influenced by the Atlantic Ocean. This results in greater
variability in PM10 concentrations due to seasonal
effects, such as increased emissions from residential
heating in winter and dust resuspension during summer
droughts. The model's inability to account for these
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seasonal sources constrains its PM10 forecasting
capability.

Despite these differences, both studies demonstrate
consistently high forecasting accuracy, with coefficients
of determination exceeding 70% for both pollutants
in both geographical contexts. This confirms the
generalisability of the present approach across
continents, combining the ExtraTrees ensemble method,
lagged variables to model autocorrelation and feature
engineering to model the influence of economic activity.
The methodology can be adapted to different urbanised
territories without the need for a fundamental redesign
of the model architecture. This has important practical
implications for scaling the system up in other cities.

The results obtained allow the following conclusions
to be drawn from the study.

Conclusions. The study validated and expanded upon
a methodology for forecasting ambient air pollution in
Kyiv using ensemble machine learning methods. High
forecasting accuracy was attained, with coefficients
of determination of R*>=0.871 for PM2.5 with a
mean absolute error of 1.55 pg/m® and R?=0.850
for PM10 with an error of 2.73 pg/m*® on a sample of
126,000 hourly observations, which demonstrates the
practical applicability of the approach for automated
environmental monitoring systems.

The comparative analysis of results from two
geographically distinct cities confirms the cross-
continental  generalisability —of the developed
methodology. Despite substantial differences in climatic
conditions, transport infrastructure, the structure of
economic activity, and the regulatory environment
between New York and Kyiv, the basic approach
employing ExtraTrees, lagged variables, and feature
engineering exhibits consistently high forecasting
accuracy. This has important practical implications for
the adaptation of the methodology to diverse urbanised
contexts without the need for a fundamental redesign of
the model architecture.
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The results of the study are of practical significance
for the development of environmental monitoring
systems, the determination of the overall state of
ecological-economic interaction, and the formulation of
air quality management policy in urbanised territories.
The principal benefit of the methodology is its capacity
to precisely predict pollutant concentrations using
readily available traffic intensity data, thus facilitating
significant avenues for implementation. First and
foremost, it enables cost-effective monitoring systems
to be created without the need for a dense network
of expensive air-quality sensors. In addition, short-
term forecasts can provide vulnerable population
groups with timely warnings about periods of elevated
pollution. Finally, the model can be used to assess the
potential impact of various transport, environmental and
ecological-economic policies in advance by simulating
scenarios with changing traffic intensity.

Further research should include: integrating detailed
meteorological data on wind speed and direction to

improvethe accuracy of PM 10 forecasting; differentiating
vehicles by engine type and category for a more precise
assessment of emissions; using spatio-temporal models
to model dependencies between locations; including
data on the chemical composition of particles to identify
specific pollution sources; validating the methodology
using data from other cities in different climatic zones
and with different levels of economic development.
This will confirm the generalisability of the approach
on a global scale and its relevance for determining the
environmental components of a region's ecological-
economic system and its impact on social welfare.
KonduikT iHnTepeciB: criiBaBTOpH € 4IeHAMU peaK-
idHOI Kouterii *xypHainy. [ 3a0e3neueHHs He3aIex-
HOCTI PENaKIIHHOTO TMPOIECy PYKOIHC PO3TISAaBCS
penaKkTopoM, IKHiA He MaB KOH(IIIKTY IHTEpECiB 31 CITiBaB-
topamu. CriBaBTOpH He Opaii y4yacTi y BigOopi pereH-
3CHTIB, MPOIECI PEIIEH3YBaHHS Ta MPUUHATTI PIICHHS
0J10 MyOITiKaIii ctarti. Pykomuic mpoimos cTaHaapTHY
MPOIIeLypy TOJABIHOTO CIITIOTO peIlCH3yBaHHSI.
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