
DOI: https://doi.org/10.18690/um.fov.5.2026.6
ISBN: 978-961-299-160-9

Machine Learning for Air Quality and 𝑪𝑶2
Emissions: The Role of Data Understanding

Ivan Maslov,
Agnieszka Głowacka,
Bartosz Dziewit, and
Paulina Trybek

Abstract
The emergence of machine learning (ML) has enabled sophisticated approaches to envi-
ronmental prediction, yet the datasets underlying these models remain underexamined.
This study investigates the role of data quality and structure in ML-based environmen-
tal applications, focusing on greenhouse gas (GHG) emissions and particulate matter
concentrations. For Poland and Slovakia, a LightGBM model was trained to predict
𝐶𝑂2 emissions across major economic sectors: Residential, Power, Transport, Indus-
try, and Aviation. Predictive performance was highest in sectors with regular seasonal
patterns, while low-variability sectors such as Domestic Aviation posed greater chal-
lenges. For particulate matter, meteorological and time-related features were used to
forecast 𝑃𝑀2.5 and 𝑃𝑀10 during the heating season. Models captured general temporal
patterns and seasonal peaks, though extreme events were partially underestimated. The
findings demonstrate that predictive accuracy is strongly influenced by dataset quality,
resolution, and structure, alongside emission regularity and environmental conditions.
This chapter underscores the importance of careful dataset design and preprocessing in
ML applications for environmental monitoring, offering practical guidance for improv-
ing the reliability of emission and air quality forecasting.
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1 Introduction

Air pollution constitutes one of the most significant environmental health risks world-
wide. According to the World Health Organization, exposure to polluted air con-
tributes tomillions of premature deaths annually, primarily due to fine particulate matter
(𝑃𝑀2.5) [1]. Previous global assessments have further demonstrated that ambient 𝑃𝑀2.5
accounts for a substantial mortality burden and that significant reductions in premature
deaths could be achieved through region-specific air quality improvements aligned with
WHO guidelines [2].

At the same time, atmospheric carbon dioxide (CO2), the dominant anthropogenic
greenhouse gas, is the principal driver of long-term climate change. More broadly,
greenhouse gas (GHG) emissions are widely recognized as the primary force behind
ongoing global warming. While particulate matter (𝑃𝑀2.5, 𝑃𝑀10), carbon monoxide
(CO), and carbon dioxide (CO2) differ in their physio-chemical properties and atmo-
spheric lifetimes, they frequently originate from common combustion-related sources
such as transport, industry, and residential heating. This overlap in emission sources
highlights the close interconnection between air quality and climate policy: measures
targeting fossil fuel combustion can simultaneously reduce harmful air pollutants and
greenhouse gas emissions.

In 2020, the European Union adopted a plan to reduce net greenhouse gas emissions
by at least 55% by 2030 compared to 1990 levels, alongside the longer-term objective
of achieving climate neutrality by 2050 [3]. Such policy frameworks not only aim to
mitigate climate change but also have the potential to deliver substantial public health
co-benefits through improved air quality.

To address these challenges, data-driven approaches, including machine learning
and artificial intelligence methods, are increasingly applied to model and predict at-
mospheric concentrations of pollutants such as 𝑃𝑀2.5 or 𝐶𝑂2 [4, 5, 6]. By leverag-
ing large environmental datasets and complex nonlinear relationships among mete-
orological, emission, and spatial variables, these methods can improve the accuracy
of air quality forecasting and support evidence-based environmental management and
policy-making. However, the reliability of such predictive models strongly depends on
the availability of high-quality and representative data that adequately capture the key
factors influencing atmospheric concentrations of pollutants, including meteorological
conditions, emission sources, and spatial–temporal variability.

Despite certain similarities in their emission sources, predicting atmospheric con-
centrations of 𝑃𝑀2.5 and 𝐶𝑂2 involves different methodological challenges. Particu-
late matter concentrations are typically characterized by strong short-term variability
and pronounced spatial heterogeneity driven by local emission sources, meteorological
conditions, and atmospheric processes such as dispersion and secondary aerosol for-
mation. In contrast, atmospheric 𝐶𝑂2 concentrations tend to exhibit smoother spatial
patterns and stronger long-term temporal trends associated with global-scale carbon
cycles and cumulative greenhouse gas emissions. As a result, predictive models for
𝑃𝑀2.5 often require high-resolution spatiotemporal data capturing local environmental
conditions, whereas 𝐶𝑂2 modeling more frequently emphasizes large-scale temporal
dynamics and broader emission pattern.
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The importance of 𝐶𝑂2 in climate policy can be illustrated by recent emission
statistics. According to the most recent Polish National Greenhouse Inventory report
(NIR) [7], prepared under the United Nations Framework Convention on Climate
Change (UNFCCC), carbon dioxide accounts for 81.4% of total greenhouse gas emis-
sions in Poland. A similar dominance of 𝐶𝑂2 is observed at the European level, where
it represents roughly 80% of total greenhouse gas emissions [8]. Therefore, reducing
𝐶𝑂2 emissions plays a central role in achieving climate neutrality.

In order to keep such emissions under control, policy makers, researchers and ana-
lysts require reliable modeling approaches and prediction algorithms, which are among
the key topics studied in modern computer science. In recent years, a plethora of arti-
cles has been published applying various machine learning (ML)models and techniques
for the prediction of 𝐶𝑂2 emissions [9, 10, 11, 12, 13]. This research area is still un-
der active development, and no single authoritative solution has yet been adopted at an
intergovernmental level.

Related work explores a wide range of machine learning algorithms across different
sectoral contexts. However, the data used to train these models is often accepted without
sufficient scrutiny. In most cases, datasets originate from official publications or open-
source repositories, are lightly processed to handle missing values, and are then passed
directly to models without deeper analysis.

The characteristics and limitations of the source data—such as spatial and temporal
resolution, aggregationmethods, data composition, uncertainty evaluation, and even the
fact that much of the data represents estimates rather than direct measurements—rarely
receive adequate attention. As a result, datasets are frequently taken for granted, despite
their significant influence on model outcomes.

Unlike 𝐶𝑂2 emissions, which are largely estimated based on activity data and emis-
sion factors, concentrations of particulate matter such as 𝑃𝑀2.5 and 𝑃𝑀10 are typically
determined through direct physical measurements. This means that these data reflect
the actual state of the atmosphere at a specific place and time.

Pollutant concentration is expressed as the amount of particles per cubic meter of
air. 𝑃𝑀10 includes particles with a diameter of up to 10 micrometers, while 𝑃𝑀2.5 in-
cludes particles up to 2.5 micrometers in diameter. This distinction is important both
from a health and a measurement perspective, as finer particles behave differently in the
atmosphere. Various technologies are used to measure 𝑃𝑀2.5 and 𝑃𝑀10 concentrations.
The reference method remains gravimetry, which involves drawing air through a filter
and determining particle concentrations based on the increase in the filter’s mass. While
highly accurate, this approach does not provide real-time results. In practice, automatic
analyzers, such as the Beta Attenuation Monitor (BAM) and the Tapered Element Os-
cillating Microbalance (TEOM), are more commonly employed, enabling hourly mea-
surements and continuous monitoring of particulate levels. Increasingly important are
also low-cost sensors based on light scattering, which allow for denser monitoring net-
works but are characterized by greater uncertainty [14]. Technological advancements
have increased the availability of real-time data and the density of observations. This
is particularly important for epidemiological analyses and predictive modeling. At the
same time, a larger number of devices implies greater variability in measurement qual-
ity. Under conditions of high humidity, especially during fog, microdroplets of water
may be recorded as additional particulate matter, leading to overestimated results. Dif-
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ferent types of instruments may also respond differently to the same atmospheric con-
ditions, resulting in systematic differences in measurements. Additionally, sensors—
especially lower-cost models—may lose accuracy over time if not regularly calibrated
[15]. An important feature of PM data is their high temporal resolution. Dust concen-
tration measurements are typically recorded at hourly intervals, and sometimes even
more frequently, meaning that a single station generates thousands of observations per
year. This enables the analysis of diurnal cycles, smog episodes, weekend effects, and
seasonal patterns related to the heating period. However, a high number of observations
does not automatically translate into greater representativeness. Measurements refer to
a specific location and reflect local emission and dispersion conditions. PM data there-
fore have a point-based and spatially limited character, as they represent a record of the
instantaneous atmospheric state at a given location rather than an averaged measure at
the regional or national scale [16].

In this study, we examine the distinct characteristics and challenges of environmen-
tal datasets for both 𝐶𝑂2 and particulate matter (𝑃𝑀2.5 and 𝑃𝑀10) in the context of
machine learning applications. Unlike particulate matter, which is measured directly at
specific locations and reflects short-term local atmospheric conditions, 𝐶𝑂2 emissions
are largely estimated based on activity data and emission factors, making them subject to
additional sources of uncertainty. These differences imply that predictive modeling for
each pollutant type requires tailored approaches: high-resolution spatiotemporal data for
particulate matter and broader temporal and sectoral information for𝐶𝑂2. Accordingly,
this work tests predictivemodels for both𝐶𝑂2 and PM concentrations, highlighting how
data set quality, representativeness, and the nature of the underlying measurements in-
fluence the reliability and interpretability of machine learning forecasts.

2 Analysis of carbon emission data

There are typically two types of 𝐶𝑂2 emission data used in practice: direct measure-
ments and emission estimates. The former is relatively rare and is usually available ei-
ther from short-term, locally focused research projects or from controlled test datasets,
such as those provided by the automotive industry through the Worldwide Harmonized
Light Vehicles Test Procedure (WLTP) framework [17].

Emission estimates, on the other hand, are far more common. Large-scale𝐶𝑂2 emis-
sion databases typically rely on estimations derived from statistical information about
human activities, such as energy production, transportation, and industrial processes.

The main reference for 𝐶𝑂2 emission estimation is the 2006 IPCC Guidelines for
National Greenhouse Gas Inventories [18]. The Intergovernmental Panel on Climate
Change (IPCC) is a United Nations body responsible for assessing scientific knowledge
related to climate change. It was established in 1988 by the United Nations Environment
Programme (UNEP) and the World Meteorological Organization (WMO) to provide a
consistent and transparent framework for the evaluation and reporting of greenhouse
gas (GHG) emissions.

The 2006 IPCC Guidelines establish a concrete methodology for estimating green-
house gas inventories, that is, GHG datasets developed with defined quality assurance
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procedures and uncertainty evaluation. The IPCC framework provides a division of
emissions by major human activity sectors, namely energy, industrial processes, agri-
culture, forestry and other land use, and waste, along with further subdivisions within
each sector. In addition, the Guidelines offer detailed guidance on how emission values
should be calculated for different activities and data availability levels.

The IPCC provides a basic approach for emission estimation (1), in which emissions
are calculated as the product of activity data (AD) and an emission factor (EF). Activity
data represent the magnitude of a human activity—such as the amount of fuel consumed
in a given process—while the emission factor defines the amount of 𝐶𝑂2 emitted or
removed per unit of activity.

𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 = 𝐴𝐷 ∗ 𝐸𝐹 (1)

The form of activity data varies across economic sectors. For example, it may cor-
respond to the quantity of coal burned in industrial facilities, or to a more elaborate
representation of the aviation sector that accounts for the number of flights, travel dis-
tances, aircraft types, and other relevant characteristics. Nevertheless, the underlying
estimation principle remains the same, which is why activity data derived using differ-
ent approaches can be combined in total emission calculations.

Regarding emission factors, the IPCC provides a database of standardized values
that can be used as defaults. However, it is considered good practice to apply country-
specific or locally derived emission factors whenever possible, as they better reflect
local conditions and technologies. For instance, if coal used within a given country
has distinct physical or chemical characteristics, locally measured emission factors can
provide more accurate estimates of the resulting 𝐶𝑂2 emissions.

The IPCC also introduces three tiers of analysis that differ in terms of data gran-
ularity and methodological complexity. Tier 1 relies on national-level activity statis-
tics combined with default emission factors, while Tier 3 represents the most detailed
approach, using highly disaggregated local activity data together with locally derived
emission factors. The Guidelines generally recommend a bottom-up approach, which
focuses on analyzing individual emission sources, rather than a top-down approach that
estimates emissions based on aggregated indicators such as total fuel consumption and
import-export information.

It is important to note that the 2006 IPCC Guidelines also state that direct emissions
monitoring alone is generally not preferred due to the high cost and difficulties related
to data interpretation. In particular, direct measurements are often limited to specific
locations or facilities, making it challenging to obtain representative samples and to ex-
trapolate results to larger spatial scales, such as an entire industrial sector or a whole
country. As a result, fuel-based estimation methods are often preferred for national in-
ventories, as they provide more consistent and scalable coverage [18].
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2.1 CO2 emissions and relevant datasets

As stated above, the IPCC Guidelines serve as a common reference point for most pub-
licly available 𝐶𝑂2 datasets. The scientific community generally agrees that emissions
can be estimated as the product of human activity data and an emission factor. However,
the approaches to data collection and the choice of how activity data are modeled vary
significantly between datasets.

Figure 1 illustrates, in broad strokes, the main steps involved in the creation of a𝐶𝑂2
emissions estimation dataset. It also highlights the stages at which errors or discrepan-
cies may be introduced.

To construct such a dataset, developers require both activity data and emission factor
information. Activity data can be obtained from a variety of sources, including local
and national statistical offices, as well as independent international agencies such as the
International Energy Agency (IEA) and the Energy Institute. Similar diversity exists for
emission factor sources. In addition, data set creators may choose different estimation
models and apply various data refinement techniques, for example to address gaps in
time series or the lack of sufficiently detailed activity data.

Fig. 1: Main components of a 𝐶𝑂2 estimation data set creation process.

As a result, emission estimates may differ from one data set to another. For exam-
ple, Figure 2 compares 𝐶𝑂2 emission estimates for Poland and its neighboring country
Slovakia, where reported emission levels are significantly lower.

The UNFCCC column represents estimates reported by national authorities and con-
stitutes the official 𝐶𝑂2 emission inventory. These estimates are based on national sta-
tistical data covering energy use, industrial activity, and land use, and they typically
rely on country-specific emission factors, for example those derived from information
on local fuel characteristics such as coal quality.
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The EDGAR dataset, developed by the European Union’s Joint Research Centre, is
an independent emissions database that primarily uses activity data from the Interna-
tional Energy Agency and, in some cases, generalized emission factors. The third data
set, produced by the Global Carbon Project, is particularly interesting because it relies
on United Nations data for developed countries. In principle, this should result in es-
timates similar to those reported under the UNFCCC framework; however, noticeable
differences remain.

Overall, no clear systematic bias can be observed across the datasets — for exam-
ple, EDGAR estimates are not consistently higher or lower than others. All of these
databases are widely regarded as credible and are commonly used in scientific analysis
and policy development.
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Fig. 2: Annual 𝐶𝑂2 emission estimation in kt 𝐶𝑂2 eq by country and source (2021 - 2023).

Nevertheless, these inconsistencies are important to consider when developing any
kind of modeling or prediction project, especially when combining data from multiple
sources in machine learning applications.

In the following section, we characterize several publicly available datasets that are
widely used in AI and machine learning research.
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2.2 Datasets review

The United Nations Framework Convention on Climate Change (UNFCCC) [19]
is an international environmental treaty adopted in 1992 in response to growing con-
cerns about climate change. Today, the Convention has been adopted by 197 Parties.
Under the UNFCCC framework, countries are expected to report national greenhouse
gas inventories in strict accordance with IPCC Guidelines.

The dataset contains annual data for greenhouse gases for each country, currently
extending up to 2021. Although the database [20] provides aggregated data on all par-
ties, important distinction exists between different groups of countries. Parties listed in
Annex I, that are primarily developed countries and major greenhouse gas emitters, are
required to submit detailed national inventory reports on an annual basis. In contrast,
developing countries report their emissions through National Communications (NCs)
or Biennial Update Reports (BURs), which are submitted less frequently and often with
a delay of several years. For example, Chad reports emissions data only for the year
2010.

Using data from different Annex 1 countries could also present challenges, as coun-
tries may choose different ways of interpreting activity data and different precise models
for emission estimation on the same activity sector.

Another important characteristic of data reported under the United Nations Frame-
work Convention on Climate Change (UNFCCC) is that national inventories are largely
based on country-specific data sources and reporting practices. These inventories rely
heavily on local governmental activity data, such as national energy and industrial statis-
tics, as well as locally determined fuel properties and emission factors. While this ap-
proach can better reflect national conditions, it also means that the quality and trans-
parency of the underlying data may vary between countries. In some cases, this may
raise questions about the consistency and reliability of reported statistics.

Global Carbon Budget data: The Global Carbon Project (GCP) is an international
research initiative focused on studying the global carbon cycle. Each year, the GCP
publishes the Global Carbon Budget report, which provides estimates of global carbon
emissions and carbon sinks based on the latest available data and models [21].

In addition to the summary report, the GCP releases several openly available datasets
that cover fossil fuel 𝐶𝑂2 emissions, land-use change emissions, and carbon uptake
by land and ocean systems. These datasets are provided in both national and gridded
formats, include uncertainty estimates, and are updated annually, making them widely
used in climate research and data-driven modeling.

Previously, the data set was taken from US-based CDIAC, the Carbon Dioxide In-
formation Analysis Center of the Oak Ridge National Laboratory. CDIAC project was
closed in September 30, 2017. Nowdays GCP uses CDIAC-FF data as a base and extend
it by 2–3 years using energy growth rates derived from data published by the Energy
Institute.

As described in GCP documentation, CDIAC applied standardized emission factors
to apparent energy consumption derived from United Nations energy statistics, includ-
ing emissions from gas flaring. These estimates were then extrapolated for additional
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years using growth rates previously obtained from BP’s Statistical Review of World
Energy. Apparent consumption is calculated from data on energy production, imports,
exports, and stock changes, and differs from observed consumption, which is based on
direct industry reporting or sales data. Within the IPCC framework, this approach cor-
responds to the Reference Approach, used for cross-checking the national inventories,
while the Sectoral Approach relies on alternative activity data sources.

In recent years, the GCP has increasingly shifted toward using country-specific and
sector-specific energy data sources where available. So sometimes and for some coun-
tries estimates derived from CDIAC-FF may be replaced by data reported under the
UNFCCC. In another example, emissions from natural gas consumption are now partly
derived from data provided by the Joint Organisations Data Initiative (JODI). GCP re-
searchers acknowledge that this results in the use of multiple data sources and extrap-
olation methods, but argue that these approaches aim to estimate the same underlying
quantities and therefore do not significantly alter the overall emission estimates.

Data from the Global Carbon Budget are used by other projects, notably by the Our
World in Data project, which in turn serves as a popular open-source solution of 𝐶𝑂2
and greenhouse gas emissions data for machine learning applications [22].

EDGAR, which stands for the Emissions Database for Global Atmospheric Re-
search, is a project developed by the Joint Research Centre of the European Commis-
sion [23]. As stated on the project website, EDGAR provides global estimates of past
and present anthropogenic emissions of greenhouse gases and air pollutants at the coun-
try level and on a spatial grid [24].

EDGAR applies a distinct emission estimation model 2 that combines country-
specific emission factor (EF) and activity data (AD), largely derived from assessments
by the International Energy Agency, with information on national technological mixes
(TECH). Themodel incorporates technology-dependent emission (EOP) factors and ac-
counts for emission reductions achieved through the use of abatement systems (RED).
This approach allows EDGAR to reflect differences in technologies and mitigation mea-
sures across countries while maintaining a consistent global framework.

𝐸𝑀𝑐 (𝑦, 𝑥) =
∑
𝑖, 𝑗 ,𝑘

[
𝐴𝐷𝑐,𝑖 (𝑦) · 𝑇𝐸𝐶𝐻𝑐,𝑖, 𝑗 (𝑦) · 𝐸𝑂𝑃𝑐,𝑖, 𝑗 ,𝑘 (𝑦)·

𝐸𝐹𝑐,𝑖, 𝑗 (𝑦, 𝑥) · (1 − 𝑅𝐸𝐷𝑐,𝑖, 𝑗 ,𝑘 (𝑦, 𝑥))
] (2)

It is also important to note that EDGAR extends its emissions time series for the
most recent years using projected or preliminary energy statistics, including growth
rates published by the Energy Institute. This means that the most recent years in the
EDGAR dataset are based on extrapolated data rather than fully reported actual activity
statistics. For machine learning applications, this introduces additional complexity, as
models may be trained on data compiled using different sources and estimation methods
across time, which should be taken into account when interpreting results.
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2.3 Challenges for machine learning applications

The current state of open-source 𝐶𝑂2 dataset composition presents significant chal-
lenges for researchers aiming to apply machine learning algorithms to carbon dioxide
emission analysis and emission prediction. In the following, we highlight several of
these challenges.

Data are preprocessed. Every 𝐶𝑂2 emissions dataset consists of estimates derived
from underlying statistical activity data. This activity data may originate from different
institutions that apply distinct methods of data collection and aggregation. Furthermore,
missing values in these datasets are often filled using extrapolation based on historical
averages or replaced with values from alternative data sources.

This inherent preprocessing can complicate machine learning research, as the data
used for training, validation, or reference may not be uniform or fully comparable across
datasets.

Low temporal resolution. Most publicly available 𝐶𝑂2 emission datasets provide
data at an annual resolution at best, which significantly limits their suitability for many
machine learning applications. The lack of higher-frequency observations restricts the
ability of models to capture short-term dynamics and temporal variability.

Some authors argue [13] that this limitation can also influence methodological
choices, encouraging the use of scaled data and evaluation metrics such as RMSE or
MAE computed on normalized values rather than raw observations. As a result, reported
model performance may be overstated and less representative of real-world predictive
accuracy.

Changing nature of activity data. In some cases, statistical agencies and dataset
developers revise historical emission estimates when new or improved activity data be-
come available. In addition, the underlying activity data itself may change due to so-
cial, economic, or political actions that are independent of scientific modeling practices.
Such changes can introduce structural breaks in emission time series that are not related
to actual changes in emission behavior.

A clear example can be found in the most recent Polish National Greenhouse Gas
Inventory submitted to the UNFCCC [7]. It is stated that the main cause of significant
increase of GHGs emissions in 2016 - 2017 was ”substantial rise of fuels use in road
transport driven by effective combat against grey-zone at fuel market started in 2016”.
This suggests that a portion of fuel consumption may not have been fully captured in
official statistics prior to this intervention.

From a data analysis perspective, such changes complicate trend estimation and pre-
diction. Emission values before and after 2016 may not be directly comparable, and
statistical correction or segmentation of the time series may be required before apply-
ing machine learning models for forecasting or trend analysis.

Unaddressed uncertainties. Every 𝐶𝑂2 emission estimation report is subject to
uncertainty evaluation. Uncertainty is defined in the IPCC Guidelines [18] as the range
of possible true values together with their likelihood. The Intergovernmental Panel on
Climate Change (IPCC) does not prescribe a single acceptable uncertainty threshold
for emission estimates; instead, it requires Parties to quantify and transparently report
uncertainties associated with their inventories.
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Uncertainties arise from multiple sources, most notably from the evaluation of emis-
sion factors and the aggregation of activity data, and their magnitude varies significantly
across sectors and activities. For example, uncertainties in 𝐶𝑂2 emissions from fossil
fuel combustion in Annex I UNFCCC countries are typically estimated to be on the
order of ±5% to ±10%, a range that is also reported for corresponding estimates in
the EDGAR dataset [25]. In contrast, activities that are less well characterized exhibit
substantially higher uncertainty. Within EDGAR, uncertainty estimates reach approx-
imately ±50% for biogas combustion, ±35% for cement-related emissions, and up to
±100% for domestic aviation emissions [26].

Uncertainties may amplify when combined with estimation models, resulting in pos-
sible variation in final estimated values. That is why models trained on 𝐶𝑂2 invento-
ries may achieve good performance with respect to reported values while still failing
to accurately represent real-world emissions, particularly if the underlying data contain
substantial and heterogeneous uncertainties.

Without explicitly accounting for these uncertainties during model evaluation, ma-
chine learning models risk producing overconfident predictions and misleading con-
clusions. Consequently, careful consideration of data uncertainty should be an integral
part of bothmodel development and evaluation when applyingmachine learning to𝐶𝑂2
emission analysis.

Lack of domain-specific knowledge. The development of𝐶𝑂2 emission prediction
models is an inherently cross-disciplinary task. Proper interpretation of results requires
not only technical expertise in machine learning, but also domain-specific knowledge
of climate science and emission accounting.

Figure 3 illustrates a simplified representation of the carbon cycle. Carbon dioxide
is emitted both as a result of anthropogenic activities and through natural processes,
such as forest fires. At the same time, significant amounts of 𝐶𝑂2 are absorbed by land
and ocean systems through various sinks and removal processes. These removals are
typically accounted for under Land Use, Land-Use Change and Forestry (LULUCF).

Emissions and removals related to LULUCF are particularly difficult to estimate,
which is why this sector is sometimes excluded when carbon emissions are reported.
However, the magnitude of these fluxes is far from negligible. According to the 2025
Polish National Inventory [7], net removals from land use in 2023 are estimated at ap-
proximately 32 656 kt CO2 eq, a value comparable to the total annual emissions of
Slovakia in the same year.

This example highlights the risk of misinterpretation when domain knowledge is
lacking. Machine learning practitioners working with 𝐶𝑂2 datasets should therefore
treat emission figures with caution and, where possible, collaborate with domain experts
in climate science or ecology to ensure correct interpretation and use of the data.

2.4 Example of prediction of 𝑪𝑶2

To investigate the predictability of 𝐶𝑂2 emissions across different sectors of the econ-
omy, separate models were developed for each sector. This sector-based approach al-
lows the models to capture sector-specific relationships and emission dynamics. The
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Fig. 3: Basic representation of the carbon cycle.

LightGBM algorithm, a gradient boosting method based on decision trees, was used
for modeling. Light Gradient Boosting Machine (LightGBM) is an efficient and scal-
able gradient boosting framework that is widely used for classification and regression
tasks [27]. The data used in this section come from [28] and are further characterized
in article Piyu Ke et al. [29].

The data (covering from 2023-2025 for Poland and Slovakia) were split chronolog-
ically. The first 80% of observations were used to train the model and learn the rela-
tionships present in the data, while the remaining 20% were reserved for evaluating the
model’s ability to forecast new, unseen values.

The model used several types of features:

• lagged values from previous days (e.g., 1, 7, 14, and 30 days earlier),
• 7-day and 14-day moving averages,
• calendar variables such as day of the week and month,
• an overall time trend indicating whether emissions increase or decrease over a longer

period.

Summarized prediction results for Slovakia and Poland are presented in Table 1. The
corresponding visualizations of the predictions are shown in Figures 4 and 5.

In the case of Poland (see Figure 4) the predictability of CO2 emissions varies across
economic sectors. The best model performance was achieved in the Residential sector
(𝑅2 = 0.97). This indicates that emissions in this area follow a very clear and repetitive
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Table 1: Prediction performance for CO2 emissions by sector in Slovakia and Poland.

Country Sector MAE RMSE 𝑅2

Slovakia Domestic Aviation 0.000007 0.000010 -0.020222
International Aviation 0.000071 0.000088 0.834955
Power 0.000743 0.001193 0.849839
Residential 0.001150 0.001599 0.936084
Ground Transport 0.001583 0.002228 0.690569
Industry 0.005361 0.007676 0.407599

Poland Domestic Aviation 0.000107 0.000136 0.312053
International Aviation 0.000862 0.001029 0.569176
Residential 0.004399 0.006512 0.969262
Ground Transport 0.008854 0.013357 0.646320
Industry 0.010669 0.013829 0.601022
Power 0.020775 0.027573 0.733910

Fig. 4: Results of the LightGBM model used for the prediction of 𝐶𝑂2 in Poland.

pattern over time. The model accurately captures both short-term fluctuations and the
overall upward trend observed at the end of the analyzed period.

Good results were also obtained in the Power (𝑅2 = 0.73), Ground Transport
(𝑅2 = 0.65), and Industry (𝑅2 = 0.60) sectors. In the energy and road transport sectors,
emissions change in a relatively regular manner, which allows the model to forecast
them with reasonable accuracy. In the industrial sector, the fit is slightly weaker, which
may be due to greater irregularity in emissions and the influence of external factors not
directly included in the model (e.g., changes in production levels).

The weakest performance was observed in the aviation sectors. For Domestic Avia-
tion (𝑅2 = 0.31) and International Aviation (𝑅2 = 0.57), the quality of predictions is
lower. The data contain long periods during which emissions remain constant. This is
not due to missing data, but rather to the specific characteristics of the sector. Low vari-
ability means there is less information available for the model, making it more difficult
to learn patterns and accurately predict future values.
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In the case of Slovakia (see Figure 5), the model also performed best in sectors where
emissions follow a clear and repetitive pattern over time. The highest prediction quality
was achieved in the Residential sector (𝑅2 = 0.94) and the Power sector (𝑅2 = 0.85).
This means that emissions in these areas are relatively stable and show clear seasonality,
which makes them easier to predict.

Good results were also obtained in International Aviation (𝑅2 = 0.83) and Ground
Transport (𝑅2 = 0.69). In these sectors, emissions follow more regular patterns, which
helps the model make better forecasts.

Weaker results were observed in the Industry sector (𝑅2 = 0.41). Emissions in in-
dustry are more irregular and may depend on external factors, such as changes in pro-
duction, which were not directly included in the model.

The weakest predictive performance was observed in the Domestic Aviation sector,
where the model’s forecasts did not fully capture the observed temporal patterns in the
data. Similar to Poland, the data show long periods when emissions stay at the same
level. This means there is very little change over time. When the data hardly change,
the model has little information to learn from, so predictions in this sector are not very
accurate.

Fig. 5: Results of the LightGBM model used for the prediction of 𝐶𝑂2 in Slovakia.

In both countries, the highest predictability was observed in the Residential and
Power sectors. This suggests that emissions in these areas follow the most regular and
seasonal patterns, which makes modeling easier. In both countries, Domestic Aviation
was the most problematic sector because low variability makes forecasting difficult.
The main difference concerns International Aviation. In Poland, the model performance
was moderate, while in Slovakia the results were much better. In the Industry sector,
predictability is lower in both countries compared to sectors with strong seasonality, al-
though Poland achieved slightly better results than Slovakia. Overall, the models work
best in sectors with clear and repetitive emission patterns, and worse in sectors where
emissions are low, stable, or irregular.
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3 Analysis of 𝑷𝑴2.5 and 𝑷𝑴10

3.1 Factors influencing 𝑷𝑴2.5 and 𝑷𝑴10 concentrations

𝑃𝑀2.5 and 𝑃𝑀10 concentrations result from the interaction of emission sources, chem-
ical processes occurring in the atmosphere, and meteorological and spatial conditions.
Emission sources can be divided into natural and anthropogenic. Natural sources in-
clude, among others, soil erosion, mineral dust transport, sea spray, wildfires, and vol-
canic eruptions. These phenomena are usually episodic in nature and strongly depen-
dent on weather conditions. However, in many regions anthropogenic sources dominate,
such as fuel combustion in the residential and municipal sector, transport, and power
generation. Emissions from dispersed, low–height sources favor the accumulation of
pollutants in the lower layers of the atmosphere, especially during periods of limited
air exchange. Road transport generates both exhaust emissions and non-exhaust emis-
sions (tire and road surface wear, as well as re-suspension of dust). A significant portion
of 𝑃𝑀2.5 mass consists of secondary particles formed in the atmosphere from gaseous
precursors such as 𝑆𝑂2, 𝑁𝑂𝑥 , and ammonia. Through chemical reactions, sulfates and
nitrates are formed, and their share depends on temperature and air humidity. These
processes give particulate concentrations a distinct seasonal pattern [16].

Meteorological conditions play a crucial role in determining 𝑃𝑀2.5 and 𝑃𝑀10 lev-
els, as they influence the dispersion and removal of particles from the atmosphere. Even
with similar emission levels, changes in weather can cause significant fluctuations in ob-
served concentrations. Low wind speed favors the accumulation of pollutants, whereas
stronger winds lead to their dilution and transport to other areas. Precipitation con-
tributes to the removal of particles from the air, with larger 𝑃𝑀10 particles typically
being eliminated more effectively than finer 𝑃𝑀2.5 particles. Temperature and the ver-
tical structure of the atmosphere are also important. Temperature inversions limit air
mixing, promoting the accumulation of pollutants near the ground. Relative humidity
can affect particle properties, increasing their mass andmodifying themeasurement sig-
nal. Spatial factors are also significant, such as building density, the presence of major
transportation routes, and topography. 𝑃𝑀10 responds more strongly to local mechani-
cal sources, whereas 𝑃𝑀2.5 more often reflects the influence of regional transport [16].
As a result, 𝑃𝑀2.5 and 𝑃𝑀10 concentrations are not a simple function of emissions but
rather the outcome of a complex and nonlinear interaction among emission processes,
atmospheric chemistry, and meteorological and spatial conditions. Their analysis re-
quires consideration of temporal and spatial dependencies as well as multiple interact-
ing environmental variables [16].

3.2 𝑷𝑴2.5 and 𝑷𝑴10 data characteristics

In analyses of 𝑃𝑀2.5 and 𝑃𝑀10 concentrations, a wide range of factors could potentially
be considered, such as sectoral emissions, road traffic intensity, or industrial activity.
In practice, however, the availability and usability of such data are significantly limited.
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Sectoral emission data are typically published as annual inventories and at an adminis-
trative scale (e.g., national or regional), which makes it impossible to directly link them
with concentration measurements at an hourly resolution. Similarly, traffic intensity
data are usually point-based, cover selected road sections, and do not always spatially
coincide with the locations of air quality monitoring stations. As a result, the use of
these variables would require numerous assumptions regarding spatial and temporal in-
terpolation, which could increase analytical uncertainty. For this reason, the following
analysis focuses on meteorological variables, which are available in a consistent format
and at high temporal resolution, and can be directly integrated with PM measurement
data.

3.3 OpenAQ platform

OpenAQ [30]is a global platform that collects air quality data from multiple countries
and makes them available in a standardized format. It does not conduct its own mea-
surements; instead, it integrates information from public monitoring systems, such as
national environmental protection agencies and regional monitoring networks. In this
way, the platform aggregates dispersed data from around theworld and harmonizes them
by standardizing measurement units (e.g., 𝜇𝑔/𝑚3), parameter names, and time formats
(most commonly UTC). OpenAQ does not modify the measurement values themselves;
rather, it organizes their technical structure and makes them accessible to a broad range
of users, enabling further use in analysis and research.

The data provided by OpenAQ primarily consist of real-time measurements of air
pollutant concentrations, most commonly particulate matter (PM2.5 and PM10) and se-
lected gaseous pollutants such as NO2, SO2, and O3. Values are typically expressed in
𝜇𝑔/𝑚3 or ppb, depending on the pollutant type, and are assigned to specific monitor-
ing stations. Each observation is linked to a geographic location, a timestamp, and the
type of measured parameter. From an analytical perspective, these data are tied to a
specific station and moment in time, allowing both temporal analyses (e.g., diurnal and
seasonal patterns) and spatial comparisons across different locations. The platform is
open and transparent, which facilitates integration with other datasets, such as meteo-
rological data. At the same time, users should account for potential gaps in time series,
differences in reporting frequency, and changes in station operation, all of which may
affect data completeness and continuity [30].

3.4 Meteostat

Meteostat is an open-source meteorological data platform based on measurements from
stations operated by national meteorological services. The service does not generate its
own observations; instead, it aggregates and organizes data provided by official insti-
tutions such as NOAA (National Oceanic and Atmospheric Administration) or DWD
(Deutscher Wetterdienst), presenting them in a standardized format. Meteostat provides
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data through several technical interfaces. These include a JSON-based API, a Python
library that enables data analysis (e.g., using the Pandas library), and the option to down-
load bulk datasets for individual meteorological stations. The range of available vari-
ables includes key atmospheric parameters, such as air temperature, relative humidity,
wind speed and direction, precipitation, and atmospheric pressure. Depending on the
location, additional information may also be available, such as cloud cover or visibility.
Data are published, among others, at hourly resolution, enabling their direct integration
with 𝑃𝑀2.5 and 𝑃𝑀10 concentration measurements [31].

3.5 Integration of environmental data

The integration of air quality data and meteorological data is based on spatial and tem-
poral matching of observations. In practice, this means linking measurements using the
geographic coordinates of stations and their timestamps. Each PMmonitoring station is
assigned data from the nearest meteorological station, assuming it is representative of
the given area, and observations are synchronized at the same temporal resolution–most
commonly hourly.

However, it should be emphasized that meteorological stations and PM monitor-
ing stations are not always located in the exact same place. This constitutes a simpli-
fication that may introduce additional uncertainty, particularly in areas with complex
topography. The dataset used is not merely a straightforward record of environmen-
tal conditions. It is also shaped by the measurement technologies applied, the adopted
procedures, and the organization of the monitoring system. Different devices may mea-
sure particulate matter slightly differently, stations are situated in specific types of lo-
cations, and data are further processed and standardized before being made available.
This means that the final structure of the dataset is influenced not only by atmospheric
conditions themselves, but also by the way they are observed. Predictive models there-
fore learn not only the relationships between meteorological conditions and particulate
concentrations, but also characteristics of the measurement system from which the data
originate. If the dataset contains gaps, differences between stations, or technological
changes over time, the model may partially “learn” these patterns as well. A high num-
ber of observations and a standardized data format do not guarantee full comparability
of all measurements. Therefore, when interpreting model results, it is important to re-
member that the data represent an organized record of observations rather than a perfect
and entirely neutral reflection of reality.

3.6 Example of PM prediction

The analysis combined hourly 𝑃𝑀2.5 and 𝑃𝑀10 concentration data from the OpenAQ
(3.3) platform with meteorological variables obtained from Meteostat (3.4), including
air temperature, relative humidity, wind speed, precipitation, and atmospheric pressure.
Both datasets covered the same location. The datasets were integrated by matching ob-
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servations in space and time. Each air quality monitoring station was linked to the near-
est meteorological station based on geographic coordinates. The data were then aligned
to the same hourly resolution, creating a single dataset for modeling.

The goal of the experiment was to build two predictive models to forecast hourly
𝑃𝑀2.5 and 𝑃𝑀10 concentrations during the heating season. In each case, the dependent
variable was the concentration of 𝑃𝑀2.5 or 𝑃𝑀10 (in 𝜇𝑔/𝑚3), while the independent
variables included selected meteorological factors and time-related variables.

The models used current meteorological values as well as their time lags and moving
averages (e.g., 6-hour and 12-hour averages). Calendar variables, such as hour of the day
and month, were also included to capture daily and seasonal patterns.

The dataset was split chronologically into training and testing parts to reflect real
forecasting conditions.Model performancewas evaluated using time-series cross-validation.
This method provides a more reliable estimate of predictive performance than a single
train–test split while preserving the time order of observations.

The reported root mean squared error (RMSE), mean absolute error (MAE), and co-
efficient of determination (𝑅2) values are averages from multiple sequential splits. The
input data were not standardized or normalized because tree-based gradient boosting
models, such as LightGBM, are not sensitive to the scale of input variables. Therefore,
feature scaling was not required.

The prediction results are summarized in Table 2.

Table 2: Predictive performance of the LightGBMmodels for 𝑃𝑀2.5 and 𝑃𝑀10 concen-
trations.

RMSE [𝜇𝑔/𝑚3] MAE [𝜇𝑔/𝑚3] 𝑅2

𝑃𝑀2.5 4.08 2.83 0.93
𝑃𝑀10 3.08 2.34 0.78

Themodel predicting 𝑃𝑀2.5 concentrations achieved a clearly higher 𝑅2 value (0.93)
than the model predicting 𝑃𝑀10 concentrations (0.78). This suggests that 𝑃𝑀2.5 con-
centrations are more strongly influenced by the meteorological and time-related vari-
ables included in the model.

Fig. 6: Results of the LightGBM model used for the 𝑃𝑀2.5 prediction.
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The visualization of the predicted data is presented in Figure 6. The model correctly
captured the general pattern of the 𝑃𝑀2.5 time series, including short-term changes
and periods of high concentrations typical of the heating season. However, it slightly
underestimated extreme values, which may be due to the tendency of tree-based models
to smooth out very high observations.

A similar experiment was carried out for the 𝑃𝑀10 fraction during the heating season
(see Figure 7).

Fig. 7: Results of the LightGBM model used for the 𝑃𝑀10 prediction.

The model correctly reproduced the overall pattern of the time series, including peri-
ods of higher concentrations. Compared to 𝑃𝑀2.5, the 𝑃𝑀10 predictions showed greater
short-term variability and respondedmore clearly to sudden increases. However, similar
to the finer fraction, extreme values were still partly underestimated, especially during
sharp spikes in concentrations.

4 Discussion

Data-driven analyses of greenhouse gas and particulate matter emissions have become
increasingly feasible due to the availability of open-source datasets and high-resolution
environmental measurements. These resources provide researchers with the opportu-
nity to investigate emission dynamics, develop predictive models, and explore the in-
teractions between anthropogenic activities, atmospheric processes, and meteorological
conditions.

Despite their limitations, open-source 𝐶𝑂2 emission estimation datasets play an im-
portant role in enabling data-driven research. They provide computer scientists with
accessible inputs for developing and testing machine learning models that incorporate
diverse forms of activity data and use estimated emissions as target variables. As such,
these datasets have contributed significantly to methodological exploration and com-
parative analysis in emission modeling.

At the same time, the limitations identified in this work strongly support the case for
expanded and more consistent monitoring coverage. Advances in sensing technologies
and large-scale data acquisition systems offer the potential to collect higher-resolution
and more direct measurements of 𝐶𝑂2 emissions. Such data could improve our under-
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standing of emission dynamics and support the development of more advanced pre-
dictive models that rely less on indirect statistical activity data and strong estimation
assumptions. Improving measurement coverage and data quality is therefore a key step
toward more reliable machine learning applications in carbon emission analysis.

The results highlight that the predictability of CO2 emissions strongly depends on
the economic sector. In both Slovakia and Poland, the Residential and Power sectors
exhibited the highest predictability, reflecting clear, repetitive, and seasonal emission
patterns. In contrast, Domestic Aviation consistently showed the weakest performance
due to low variability and long periods of nearly constant emissions, which limit the
information available for model learning. As described in [26], the aviation sector also
tends to exhibit higher levels of error in the estimation process. Intermediate results
were observed for Ground Transport and Industry, where emissions are more irregu-
lar or influenced by external factors such as production changes. A notable difference
between countries was found in International Aviation: predictability was moderate in
Poland but considerably higher in Slovakia, suggesting differences in sector-specific
emission dynamics. Overall, these findings indicate that sector-specific modeling is es-
sential for accurately forecasting CO2 emissions, and that model performance is largely
determined by the regularity and variability of emissions within each sector.

Similarly, the predictive modeling of 𝑃𝑀2.5 and 𝑃𝑀10 concentrations demonstrates
the crucial role of meteorological and temporal factors in shaping particulate levels.
The models successfully captured general temporal patterns, including short-term fluc-
tuations and seasonal peaks, although extreme values were somewhat underestimated.
The results further suggest that finer particles (𝑃𝑀2.5) are more strongly influenced by
the predictors used, while both fractions benefit from the integration of high-resolution
meteorological data. These findings underscore the importance of considering complex,
nonlinear interactions among emissions, atmospheric chemistry, and weather condi-
tions when modeling particulate matter concentrations.

Taken together, the analyses of both CO2 and particulate matter highlight that predic-
tive modeling is most effective when the underlying environmental patterns are regular,
seasonal, and well-characterized. At the same time, low variability, episodic events, and
irregular emission dynamics pose challenges that must be addressed through improved
monitoring, data integration, and methodological refinement. These insights point to
future directions for enhancing the reliability and accuracy of machine learning ap-
proaches in air quality including carbon emission research.
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