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Abstract: This study presents results from a spatial modeling and analysis process of six different air pollutants measured
over a ten-year period at up to forty-three monitoring stations located in the three provinces of the Basque Autonomous
Community (BAC) (Spain). The main objective was to generate detailed maps showing the evolution of these pollutants
that cover the entire area using geostatistical techniques. Thesemaps are intended to serve as a basis for both short-term and
medium-term environmental studies, while also examining how pollutant levels have changed before and after the COVID-
19 pandemic era. Additionally, the paper explores the factors that may explain the differences observed during these two
periods. To further analyze the spatial patterns, the study employs the Fuzzy C-Means clustering algorithm to partition the
region into four distinct zones based on the concentrations of key pollutants: PM10, NO2, and O3. These pollutants were
selected due to their high sampling density, spatial coverage, and complementary sources (traffic emissions, combustion
processes, and ozone photochemistry), making them representative indicators of the region’s atmospheric state. The
findings reveal significant changes in air quality during the COVID-19 pandemic, particularly in NO2, Benzene, and
CO levels, which sharply declined due to reduced vehicular traffic. However, the behavior of PM10 and O3 was more
complex, influenced by diverse sources and atmospheric chemistry. The reduction in NO2 emissions during lockdowns
led to a counterintuitive increase in O3 concentrations in some areas, highlighting the non-linear responses of atmospheric
systems to emission changes. This study underscores the importance of multi-faceted air quality management strategies
that account for the intricate interplay of different emission sources and atmospheric processes. The insights gained from
this unique period should inform the development of more effective, evidence-based air quality policies for a healthier
and more sustainable future.
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Abbreviation
C6H6 Benzene
CO Carbon Monoxide
GDP Gross Domestic Product
KKT Karush-Kuhn-Tucker
NO2 Nitrogen Dioxide
NOx Nitrogen Oxides
O3 Ozone
PM10 Particulate Matter less than 10 microns
RBF Radial Basis Functions
SO2 Sulfur Dioxide
VOCs Volatile Organic Compounds

1. Introduction
Air composition is a sensitive indicator of human activity, reflecting the intensity and nature of societal and economic

processes. The concentration of various atmospheric pollutants is directly influenced by anthropogenic activities, ranging
from industrial operations to transportation patterns. Consequently, the rigorous analysis of air quality data offers a
powerful tool for understanding the environmental consequences of our collective habits and the efficacy of environmental
policies. In the Basque Autonomous Community (BAC), a region characterized by a dynamic mix of industrial zones and
urban development, monitoring these atmospheric changes is crucial for sustainable planning and resource management.
BAC operates a dense network of stations covering its three provinces, with the highest density in the Bilbao metropolitan
area and other urban-industrial corridors such as Donostia-San Sebastián and Vitoria-Gasteiz [1]. Key regulated pollutants
include NO, NO2, NOx and PM10, complemented by Ozone (O3) and other species in specific studies [2–4].

The literature on the BAC describes a region with relatively good average air quality in European terms but with
important spatial contrasts, episodic events, and evolving drivers of pollution. Considering its main measured pollutants,
and spatial patterns, Alberdi et al. generated continuous maps of NO, NO2, NOx and PM10 across the BAC using kriging-
based spatial interpolation, revealing hot spots closely aligned with traffic and industrial areas and lower concentrations
in rural and mountainous zones [2]. This spatial heterogeneity is reinforced by a regional-scale deposition study showing
that trees remove substantial amounts of NO2, O3, SO2, CO and PM10, especially in forested rural areas, even though
most health impacts occur in cities [5]. Coniferous forests, covering about 25% of the territory, account for roughly
21% of modeled pollutant removal because of high canopy density and long leaf lifespan [5]. Regarding evolution,
long-term Spain-wide analyses (including the BAC) show marked declines in PM10, PM2.5, SO2 and CO, and moderate
decreases in NO2/NOx since the early 2000s, largely driven by EU industrial and power-plant directives and vehicle
standards [6]. Ozone, however, has remained stable at rural sites and increased at many urban and industrial locations,
reflecting complex photochemistry and limitedNOx reductions [6]. A national 25-year analysis further suggests that recent
weather changes have partially offset emission-based improvements, especially for PM10 (“weather penalty”) [7]. For the
BAC specifically, several strands of evidence highlight the role of episodes and external contributions: 1) Two major
ozone episodes in 2001 and 2003 exceeded population information thresholds at urban and rural sites [8]. Mesoscale
modeling showed that blocking anticyclones favored long-range import of pollution from Atlantic France, the western
Mediterranean, southern France, the EbroValley and occasionallyMadrid, superimposed on local emissions [8]. 2) During
the COVID-19 lockdown (March-June 2020), regional road traffic dropped by roughly 50% while industrial activity only
fell about 20%. Urban NOx decreased by around 45%, but PM10 declined by only 10-21%, and O3 decreased modestly or
changed heterogeneously, with several exceedances of World Health Organization (WHO) guidelines linked to regional
transport under anticyclonic conditions [3]. This underscores that even under strong traffic reductions, transboundary
aerosol and ozone episodes persist. At the sub-regional scale, monitoring in industrial Gipuzkoa (2017-2020) documented
baseline levels of Polychlorinated Dibenzo-p-Dioxins and furans and dioxin-like Dioxins and Polychlorinated Biphenyls
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(PCBs) that are similar to or lower than other European industrial areas, but with clear seasonal (higher in autumn-winter),
weekly (higher on weekdays) and spatial contrasts, and higher levels near planned energy recovery infrastructure [9].
Finally, in terms of eco-benefits related to air quality, the dry deposition study estimates that trees in the BAC remove on
average about 12-13 kg·ha−1·yr−1 of O3 and PM10, and smaller amounts of NO2, SO2 and CO, with a monetized health
benefit of ~ €60 million per year (~ 0.09% of regional GDP in 2016) [5]. Despite these benefits, the authors stress that
most pollution exposure-and thus health burden-remains concentrated in urban areas, so forest sinks cannot substitute for
emission reduction policies [5].

Summarizing, literature on the BAC describes a region with relatively good average air quality in European terms but
with important spatial contrasts, episodic events, and evolving drivers of pollution. The BAC operates a dense network
covering urban-industrial corridors. Long-term trends show declines in particulate matter and primary pollutants, though
ozone remains a challenge linked to transport and photochemistry. Recent studies highlight the role of forests in pollutant
removal and the impact of episodes like COVID-19 or blocking anticyclones on regional air quality. Nevertheless,
remaining gaps include detailed long-term trend analyses specific to the BAC, and explicit attribution of changes to
sectoral or societal habits or reasons.

With these context conditions, this research is a direct continuation and expansion of our previous work, which
pioneered the use of geostatistical methods to map the spatial distribution of key pollutants like NOx and PM10 in the
region [2]. That study successfully demonstrated the utility of radial basis functions for creating a detailed snapshot of air
quality, and serves as a reference point for future studies. This current research is aimed to build upon that foundation to
explore the temporal evolution of air quality, particularly in light of the significant societal shifts of the last several years.

The global COVID-19 pandemic, and the associated public measures, triggered an unprecedented disruption in daily
life, fundamentally altering patterns of mobility, commerce, and industrial production. This period serves as a unique,
large-scale case study, providing a rare opportunity to assess how such drastic changes in human behavior are reflected
in the atmospheric environment. By analyzing air quality data before, during, and after this period, we can gain valuable
insights into the potential for lasting changes in societal habits. This paper extends our prior analysis in three critical
dimensions:

• Temporal Scope: We broaden the study from a single snapshot to a full decade (2015-2024). This allows for a
robust comparison between the five years of activity pre-COVID and the five years that encompass the pandemic and the
subsequent “new normal”.

• Pollutant Range: The analysis is expanded from two pollutants to six: Benzene, NO2, O3, PM10, SO2 and CO. This
provides a more comprehensive and nuanced view of the atmospheric response to changes in different societal sectors.

• Interpretive Focus: We shift from a descriptive mapping exercise to an analytical one. The core objective is to
use the observed trends in air quality as a proxy to investigate the evolution of societal habits and to explore whether the
lessons learned during the pandemic can inform future strategies for sustainable development.

Thus, the paper is structured as follows. Section 2 presents the methodology followed. Section 3 presents the
application case, and the obtained results. Section 4 the discussion of the key insights, including the theoretical reasons
leading to these results. Finally, section 5 concludes the paper by summarizing the contributions and outlining directions
for future research.

2. Methodology
The study employs an integrated approach combining spatial interpolation, unsupervised learning, and statistical

analysis to characterize air pollution in the Basque Country during the period 2015-2024. The combination of approaches
of this type was selected as, evidently, integrated frameworks consistently outperform single-method approaches in
prediction accuracy, spatial coverage [10], and interpretability, enabling robust handling of missing data, spatial
heterogeneity, and complex temporal trends [11], being increasingly adopted in both academic research and practical
air quality management [12]. The methodology is structured in interconnected stages (Figure 1), designed to address the
spatiotemporal heterogeneity of the data and the uncertainty in delimiting pollution zones.
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Figure 1. Workflow diagram ofthe analysis of pollutants in the Basque Country

The methodology initiates with the acquisition of daily air quality time-series data from a discrete network of
monitoring stations, which is then temporally aggregated into annual mean vectors for the 2015-2024 period. These
data have been obtained from the statistics published by the Environment Section of the Department of Industry, Energy
Transition and Sustainability of the Basque Government, and is open access on the Open Data Euskadi portal.

Over the ten-year study period, air quality data from a total of 69 monitoring stations of the Basque Air Quality
Control Network were analyzed, although the number of active stations varied over time, with 55 stations currently in
operation. The stations are located in rural, urban and suburban environments, with a higher density in urban areas,
reflecting the primary objective of the network tomonitor population exposure to traffic-related, industrial and background
air pollution. Not all pollutants are measured at all stations; while some pollutants are monitored across the entire
network, others are measured only at specific station types (e.g., industrial or traffic-oriented sites), leading to an uneven
spatial sampling that is inherent to the regulatory design of the monitoring network and directly influences the spatial
representativeness of the interpolated surfaces.

A spatial interpolation using a linear Radial Basis Function (RBF) model [13–15] is applied to these annual vectors to
reconstruct continuous pollutant concentration fields, enabling the assessment of decadal temporal trends and anomalies
[2]. These annual fields are subsequently integrated into a single historical average surface, also via RBF interpolation,
which represents the mean pollutant distribution over the entire decade. An unsupervised classification is then performed
on this integrated surface using a fuzzy c-means clustering algorithm [16, 17] to partition the spatial domain into a
set of distinct pollution zones, each characterized by a unique pollutant profile and environmental influences. Finally,
these fuzzy-segmented zones are spatially linked to administrative units through a process of spatial cell aggregation to
determine predominant cluster assignments, culminating in the generation of a thematic map that delineates priority air
quality regions for the Basque Country.

The main points of the methodological section are detailed in the following subsections:

2.1 Data acquisition and preprocessing

Daily raw data on air pollutant concentrations were obtained from a network of monitoring stations with a non-
uniform spatial distribution and from official records in the Basque Country (Spain).

2.2 Problem formulation

Given a set of n scattered points
(
xi ∈ Rd , i = 1, . . . , n

)
with associated values ( fi ∈ R, i = 1, . . . , n), an interpolant

function has to be find
(
s : Rd → R

)
in such a way that s(xi) = fi, i = 1, . . . , n.

Function s(x) is built as a linear combination of RBF centered at the nodes xi:

s(x) =
n

∑
=1

λiϕ (||x− xi||) (1)
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being ϕ : R+ → R a linear radial basis function. In our case, || · || whe Euclidean norm, will be used and λi cthe oefficients
are determined by solving the linear system that comes from:

Z (xk) =
n

∑
=1

λiϕ (||x− xi||) , 1 ≤ k ≤ n. (2)

For the linear interpolation, the RBF ϕ(r) = r has been chosen because it guarantees simplicity and continuity.
The interpolation matrix (A ∈ Rnxn), with elements Ai j = ϕ

(∣∣∣∣xi − x j
∣∣∣∣), results in a linear system Aλ = f where λ =

(λ1, . . . , λn)
⊤ and f = ( f1, . . . , fn)

⊤. The non-singularity of A is verified by means of the definite positivity condition
of ϕ . To ensure numerical stability, Lower-Upper (LU) decomposition is applied.

2.3 Fuzzy clustering c-means
Optimization approach
Given a data set xi ∈ Rd , i = 1, . . . , n and a number of clusters c, the objective is to minimize the cost function:

Jm(U, V ) =
n

∑
i=1

c

∑
j=1

um
i j||xi − v j||2, (3)

whereU = (ui j) is the fuzzy membership matrix being ui j ∈ [0, 1] and v j ∈ Rd , j = 1, . . .c are the centroids, and (m > 1)
is the defuzzification parameter.

Optimality conditions
The updates ofU and V are derived by Karush-Kuhn-Tucker (KKT) conditions:
1. Updating belongings:

ui j =

(
c

∑
k=1

(
||xi − v j||
||xi − vk||

) 2
m−1
)−1

. (4)

2. Updating centroids:

v j =

n

∑
i=1

um
i jxi

n

∑
i=1

um
i j

. (5)

The algorithm iterates until
∣∣∣∣∣∣V (t+1)−V (t)

∣∣∣∣∣∣< ε is verified, given a tolerance ε > 0. Convergence to a local minimum
is guaranteed by Bezdek’s theorem.

Parameters c andm are selected. The number of clusters c is selected using the fuzzy partition indexFP=
1
n

n

∑
i=1

c

∑
j=1

u2
i j,

maximizing the partition clarity. And the parameterm is chosen considering that it typically takes values inm ∈ [1.5, 3.0],
being, m = 2 as a standard for balance between ddefuzzificationand stability.

Afterwards, the validation process is followed. The quality of the clustering is evaluated using the Xie-Beni index
[18]:
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XB =
Jm

n ·
∣∣∣∣v j − vk

∣∣∣∣ 2 , (6)

where low values indicate high intra-cluster cohesion and inter-cluster separation.

2.4 Geospatial integration and final mapping

The clusters are linked to the regions of the Basque Country by assigning each administrative unit the predominant
pollution level, calculated as the spatial mode of the cells within its boundaries. The final product consists of a thematic
map that classifies the regions into a set of categories: “High”, “Medium”, “Low”, and “Very Low”, providing a visual
tool for environmental management.

3. Application
A database containing daily observations of air pollutants recorded in the Basque Country over the past 10 years

(2015-2024) is available,at the Environment Section of the Department of Industry, Energy Transition and Sustainability
of the Basque Government, and wisopen access on the Open Data Euskadi portal [19]. The data come from monitoring
stations distributed throughout the region. For this study, the following pollutants and the number of stations available
for each are considered as main variables: benzene (7 stations), NO2 (43), O3 (33), PM10 (40), SO2 (29), and CO (16).
Although other pollutant measurements exist, they have not been included in the study because they are only available at
specific locations and are therefore not representative of the region.

Table 1 describes the following statistics for each pollutant, considering all the stations that measured them shown
in it: annual average, standard deviation, minimum, maximum and first, second, and third quartiles.

Table 1. Descriptive statistics by pollutant and year (2015-2024)

Year Pollutant Count Mean Std Min 0.25 0.50 0.75 Max

2015 Benzene (µg/m3) 7 0.55 0.19 0.33 0.44 0.51 0.63 0.89
2015 NO2 (µg/m3) 43 21.75 9.32 5.41 15.18 22.13 26.58 54.52
2015 O3 (µg/m3) 33 47.88 14.80 15.00 38.00 46.32 58.22 79.60
2015 PM10 (µg/m3) 40 18.13 3.75 11.52 15.84 18.32 20.48 26.33
2015 SO2 (µg/m3) 29 5.71 1.26 3.16 4.97 5.45 6.75 8.56
2015 CO (mg/m3) 16 0.26 0.04 0.17 0.24 0.26 0.28 0.33
2016 Benzene (µg/m3) 7 0.54 0.26 0.17 0.40 0.52 0.68 0.93
2016 NO2 (µg/m3) 43 19.51 8.24 2.90 14.08 19.40 26.24 41.63
2016 O3 (µg/m3) 29 52.23 12.50 32.36 44.99 46.86 60.05 76.04
2016 PM10 (µg/m3) 40 15.88 3.12 9.71 13.75 16.31 18.05 21.65
2016 SO2 (µg/m3) 29 4.43 1.49 1.32 3.57 4.73 5.27 7.25
2016 CO (mg/m3) 16 0.24 0.05 0.14 0.21 0.24 0.28 0.31
2017 Benzene (µg/m3) 7 0.65 0.36 0.24 0.42 0.57 0.85 1.20
2017 NO2 (µg/m3) 43 19.73 8.50 3.10 14.12 19.95 25.48 43.02
2017 O3 (µg/m3) 28 50.83 14.27 20.75 40.26 47.95 61.51 77.26
2017 PM10 (µg/m3) 40 16.77 3.46 9.42 14.21 17.06 18.90 24.88
2017 SO2 (µg/m3) 28 4.28 1.38 2.00 3.10 4.36 5.45 6.60
2017 CO (mg/m3) 16 0.26 0.05 0.19 0.23 0.27 0.29 0.34

Volume 7 Issue 2|2026| 1709 Contemporary Mathematics



Table 1. (cont.)

Year Pollutant Count Mean Std Min 0.25 0.50 0.75 Max

2018 Benzene (µg/m3) 8 0.60 0.27 0.28 0.37 0.59 0.82 0.93
2018 NO2 (µg/m3) 46 17.82 7.82 3.26 12.30 18.10 23.83 38.99
2018 O3 (µg/m3) 29 54.35 12.52 38.06 44.27 52.18 64.29 77.84
2018 PM10 (µg/m3) 44 15.38 3.37 9.36 13.37 14.62 17.38 22.78
2018 SO2 (µg/m3) 27 3.96 1.66 1.22 2.96 3.60 5.22 8.62
2018 CO (mg/m3) 16 0.25 0.04 0.20 0.22 0.25 0.27 0.31
2019 Benzene (µg/m3) 11 0.39 0.22 0.12 0.26 0.38 0.46 0.90
2019 NO2 (µg/m3) 48 16.86 7.33 2.36 11.36 16.30 22.45 35.84
2019 O3 (µg/m3) 32 55.44 12.98 38.71 45.06 51.97 64.12 81.42
2019 PM10 (µg/m3) 46 15.14 3.43 8.51 12.74 14.46 16.84 22.71
2019 SO2 (µg/m3) 29 4.26 1.73 1.38 2.71 4.21 5.58 7.75
2019 CO (mg/m3) 16 0.25 0.05 0.16 0.24 0.25 0.27 0.34
2020 Benzene (µg/m3) 11 0.38 0.22 0.16 0.26 0.29 0.46 0.87
2020 NO2 (µg/m3) 48 13.64 5.63 2.14 9.52 13.88 17.14 26.62
2020 O3 (µg/m3) 32 52.59 10.13 36.66 43.68 50.48 60.51 71.99
2020 PM10 (µg/m3) 46 14.67 3.23 7.44 12.30 14.23 16.80 21.18
2020 SO2 (µg/m3) 29 4.03 1.94 1.38 2.47 3.58 4.92 10.45
2020 CO (mg/m3) 16 0.25 0.06 0.15 0.22 0.24 0.28 0.36
2021 Benzene (µg/m3) 13 0.40 0.22 0.21 0.26 0.32 0.39 1.04
2021 NO2 (µg/m3) 49 14.09 5.99 1.70 9.53 14.27 18.45 28.79
2021 O3 (µg/m3) 33 53.62 10.49 37.26 44.86 52.36 63.50 72.55
2021 PM10 (µg/m3) 47 15.39 3.09 8.22 12.73 15.77 17.25 22.69
2021 SO2 (µg/m3) 30 4.10 1.96 1.04 2.71 4.00 5.16 11.69
2021 CO (mg/m3) 16 0.28 0.07 0.18 0.23 0.26 0.30 0.45
2022 Benzene (µg/m3) 13 0.42 0.23 0.25 0.31 0.35 0.41 0.96
2022 NO2 (µg/m3) 49 14.26 6.09 2.50 9.70 14.06 18.42 29.05
2022 O3 (µg/m3) 33 55.17 10.95 38.77 45.81 53.12 62.38 76.52
2022 PM10 (µg/m3) 47 17.00 3.25 9.58 14.88 16.80 19.02 25.27
2022 SO2 (µg/m3) 30 4.28 1.74 1.54 3.02 4.08 5.36 9.29
2022 CO (mg/m3) 16 0.27 0.06 0.17 0.22 0.25 0.32 0.38
2023 Benzene (µg/m3) 13 0.39 0.21 0.20 0.26 0.34 0.40 0.95
2023 NO2 (µg/m3) 49 13.72 6.02 2.31 9.64 13.47 17.69 29.14
2023 O3 (µg/m3) 33 55.21 11.12 35.78 46.87 53.80 61.80 78.81
2023 PM10 (µg/m3) 47 15.53 3.08 8.17 13.58 15.31 17.55 22.92
2023 SO2 (µg/m3) 30 4.98 2.09 1.98 3.54 4.67 6.01 12.25
2023 CO (mg/m3) 16 0.27 0.05 0.18 0.23 0.27 0.29 0.35
2024 Benzene (µg/m3) 12 0.38 0.25 0.09 0.26 0.31 0.38 0.95
2024 NO2 (µg/m3) 49 12.63 5.30 2.66 9.06 12.07 16.43 26.09
2024 O3 (µg/m3) 33 53.40 9.58 38.80 45.17 53.43 59.97 73.40
2024 PM10 (µg/m3) 47 14.18 3.20 7.17 12.01 14.03 15.74 20.93
2024 SO2 (µg/m3) 30 4.28 1.64 2.27 3.20 4.05 4.96 10.84
2024 CO (mg/m3) 16 0.27 0.04 0.21 0.25 0.27 0.29 0.37

Primary combustion pollutants (benzene, NO2, PM10, SO2) show strong positive correlations with each other (see
Figure 2), indicating common emission sources. O3 has negative correlations with these primary pollutants, as would be
expected due to chemical processes in the atmosphere.
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Figure 2. Pearson correlation matrix of pollutants

The pandemic had a clear and differential impact on pollutants: during 2020, a notable reduction was observed in
indicators associated with traffic, mainly in NO2 (with an average of 13.64 µg/m3 in 2020 and 16.86-21.75 µg/m3 in 2015-
2019) and PM10 (with an average of 14.67 µg/m3 in 2020 and 15.1-18.1 µg/m3 in pre-pandemic stage). This decline was
the most pronounced between 2019 and 2020, consistent with the drastic reduction in mobility. In contrast, O3 maintained
high and relatively stable averages (≈ 52-55 µg/m3) and did not show a sustained decline during 2020; this is consistent
with the complex effects of the decline in NOx on ozone photochemistry. Pollutants associated with industrial processes
or point sources (SO2 and benzene) showed smaller variations in the average (SO2 went from 4-5 µg/m3 in recent years;
benzene was already low and stable) although isolated highs appeared in some years. In the post-pandemic period (2021-
2024), a partial recovery of NO2 and PM10 can be seen compared to 2020, but the averages and maximums did not return
to the highest levels observed in 2015-2018 (for example, NO2 averaged 12.6 µg/m3 in 2024 vs. 21.8 µg/m3 in 2015),
which suggests an incomplete recovery of activity or structural changes in mobility and emissions (teleworking, cleaner
fleets, urban policies). In summary, he pandemic produced a pronounced temporary reduction in traffic-related pollutants,
smaller and more variable effects on SO2 and benzene, and persistent or even opposite behavior in O3; The post-pandemic
period shows partial recovery but without returning to pre-COVID peaks, indicating possible lasting changes in emissions
patterns (see Figure 3).
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Figure 3. Benzene (a), NO2 (b), O3 (c), PM10 (d), SO2 (e) and CO (f)

Based on the annual averages of pollutants by season, an interpolation is performed over the extension of the Basque
Country (see Figures 4-9). The spatial interpolation was performed using a RBF with a linear kernel. The mapping was
projected in the ETRS89/UTM zone 30 N (EPSG:25830) coordinate reference system. The interpolation grid covered the
study area defined by the bounding box [X: 481,073-592,449; Y: 4,707,389-4,805,932], with a total dimension of 400 ×
400 cells. This configuration resulted in a spatial resolution (cell size) of approximately 279 meters (East-West) by 247
meters (North-South).

To better understand the spatial distribution of air pollution and identify regions with similar environmental
characteristics, the study focused on three key pollutants, PM10, NO2, and O3, selected from the six originally analyzed.
These pollutants were chosen due to their high sampling density, spatial coverage, and complementary sources (traffic
emissions, combustion processes, and ozone photochemistry), making them representative indicators of the region’s
atmospheric state. Using these variables, the Basque Country was partitioned into four distinct zones, each reflecting
relatively unique pollution profiles and behaviors.

The clustering process used is the fuzzy c-means method, in which certain key hyperparameters are selected for
configuration and analysis. A range of k values, from 2 to 10, is tested to determine the optimal number of clusters.
Furthermore, the diffusivity parameter (m) is set to 2, which allows controlling the degree of overlap and fuzziness between
groups, facilitating smoother membership in the partitions. The algorithm is configured with a convergence error of 0.005
and a maximum of 1,000 iterations, ensuring sufficient convergence accuracy. For each value of k, the objective or target
function (JM), which measures the clustering quality, is calculated, and these values are analyzed to identify the most
appropriate structure in the data.
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Figure 4. Spatial distribution of NO2 (2015-2024)
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Figure 5. Spatial distribution of O3 (2015-2024)
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Figure 6. Spatial distribution of PM10 (2015-2024)
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Figure 7. Spatial distribution of SO2 (2015-2024)
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Figure 8. Spatial distribution of benzene (2015-2024)
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Figure 9. Spatial distribution of CO (2015-2024)
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The areas identified through fuzzy cluster analysis, using levels of the pollutants NO2, O3, and PM10, reflect different
air pollution profiles in the Basque Country (see Figure 10). The classification into four zones is based on the interpretation
of the results of the elbow method and silhouette analysis (see Figures 11 and 12), which is further validated by the fuzzy
Partition Coefficient (PC = 0.57) and the Xie-Beni index (XB = 0.195).

Figure 10. Relationship of pollutants by cluster (k = 4)

Figure 11. Fuzzy elbow clustering method
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Figure 12. Fuzzy silhouette clustering method

Figure 13. Air pollution zones by region

Figure 13 shows the identified four zones, while Table 2 shows the average pollutant concentrations by area over
the last 10 years. Analyzing the results in Table 2, it is observed that Zone 1 presents high levels of NO2 (21.13 µg/m3)
and O3 (58.42 µg/m3), as well as a relatively high concentration of PM10 (16.64 µg/m3), which suggests areas with
greater influence of emissions from traffic and industrial sources, characterized by common sources of combustion and
transportation. Zone 2 exhibits moderate levels of NO2 (8.18 µg/m3) and O3 (63.11 µg/m3), with the lowest value in
PM10 (12.65 µg/m3), indicating regions with lower vehicular load and industrial occupancy, although with the presence of
ozone at high levels. Zone 3 presents intermediate values for all pollutants (NO2: 13.14 µg/m3, O3: 53.67 µg/m3, PM10:
14.46 µg/m3), characterizing areas with moderate exposure conditions and possibly mixed influences from dispersed
sources. Finally, zone 4 shows a similar trend to Zone 3 but with slightly higher levels of NO2 (17.61 µg/m3), lower
levels of O3 (45.49 µg/m3), and similar levels of PM10 (17.55 µg/m3), probably associated with areas with lower vehicular
mobility and reduced industrial processes.

Table 2. Average concentrations of pollutants by area over the last 10 years

Cluster NO2 O3 PM10

Zone 1 21.13 58.42 16.64
Zone 2 8.18 63.11 12.65
Zone 3 13.14 53.67 14.46
Zone 4 17.61 45.49 17.55
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The partitioning of the region into four distinct pollution zones provides a granular understanding of the spatial
heterogeneity in air quality. This segmentation reveals specific areas with elevated pollutant concentrations, which
are critical for targeted environmental management and policy intervention. Zone 1 encompasses the regions of Gran
Bilbao, Duranguesado, and Arratia-Nervión, characterized by high levels of NO2 and PM10 concentrations, which suggest
contributions from both traffic and industrial combustion processes. Major municipalities such as Bilbao, Barakaldo,
Getxo, Durango, Amorebieta-Etxano, Areatza, and Orduña, contribute significantly to these pollution levels due to a
combination of high traffic density and industrial activity distributed throughout the zone. The presence of elevated
O3, a secondary pollutant formed through photochemical reactions involving NOx and Volatile Organic Compounds
(VOCs), further underscores the complex interplay of emissions in these areas. In contrast, Zone 2 exhibits moderate NO2
(8.18 µg/m3) but notably high O3 (63.11 µg/m3) levels, with the lowest PM10 (12.65 µg/m3) concentrations. This profile
suggests regions with reduced direct emissions from traffic and industry but significant secondary O3 formation. The
high O3 levels are likely driven by the transport of precursor pollutants (NOx and VOCs) from nearby urban or industrial
areas, combined with favorable meteorological conditions for photochemical reactions. To address this, strategies should
focus on mitigating secondary pollutant formation, such as increasing green spaces to enhance the natural removal of
O3 precursors and implementing VOC reduction programs in nearby industrial zones. This zoning approach not only
identifies areas requiring immediate attention but also provides a framework for tailored air quality management strategies,
ensuring that interventions are both effective and region-specific.

3.1 Discussion
The results presented in the preceding section offer a comprehensive look at the air quality dynamics in the BAC

over a transformative decade. The descriptive statistics and spatial interpolations reveal distinct patterns in pollutant
concentrations, particularly when comparing the pre-COVID (2015-2019) and COVID-era (2020-2024) periods. This
section will delve into the interpretation of these findings, drawing upon established scientific literature to provide context
and potential explanations for the observed trends.

A central theme emerging from our analysis is the significant impact of the COVID-19 lockdown measures on air
quality. This real-world experiment provides a unique lens throughwhich to examine the contributions of various emission
sources. Our findings are broadly consistent with studies conducted elsewhere in Spain and across Europe, which have
documented marked reductions in traffic-related pollutants following the implementation of mobility restrictions. One by
one:

The observed decrease in Nitrogen Dioxide (NO2) concentrations during the lockdown period aligns with the well-
established fact that vehicle exhaust is a primary source of this pollutant. A study in the Basque Country found that
urban and interurban road traffic decreased by 49% and 53%, respectively, during the lockdown, leading to a 45% drop
in urban NO2 levels [3]. Our data corroborates this trend, highlighting the direct and immediate impact of reduced traffic
on ambient NO2 concentrations.

Similarly, the reduction in Benzene and Carbon Monoxide (CO) levels can be attributed to the decrease in vehicular
traffic, as both are products of incomplete fossil fuel combustion. Benzene is also associated with industrial activities, and
while industrial activity in the region saw a more modest reduction of 20% compared to traffic, this likely contributed to
the overall decline.

The behavior of Particulate Matter (PM10) is more complex. While a reduction in traffic and industrial emissions
would be expected to lower PM10 levels, our analysis, like that of other studies, may show a less pronounced decrease
than for gaseous pollutants. This is because PM10 has a more diverse range of sources, including construction, agriculture,
and natural sources like dust. Furthermore, secondary aerosol formation-whereby gaseous pollutants like SO2 and NOx
are converted into particulate matter in the atmosphere-can offset the reduction from primary emission sources.

The case of Ozone (O3) is particularly intriguing and underscores the complexity of atmospheric chemistry. Unlike
the primary pollutants discussed above, ozone is a secondary pollutant formed through photochemical reactions involving
nitrogen oxides (NOx) and volatile organic compounds (VOCs) in the presence of sunlight. In urban areas with high NOx
emissions (a “VOC-limited” or “NOx-saturated” regime), the high levels of NO can actually “scavenge” or destroy ozone
molecules. Therefore, a sharp reduction in NOx emissions, as seen during the lockdowns, can lead to a counterintuitive
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increase in local ozone concentrations, a phenomenon known as the “weekend effect” that was observed in some urban
areas during the pandemic. This highlights the non-linear and often paradoxical responses of the atmospheric system to
changes in emissions.

For Sulfur Dioxide (SO2), the primary sources are industrial processes and the burning of sulfur-containing fuels in
power plants. The observed trends in SO2 in our study are likely linked to changes in industrial activity levels during the
lockdown and the broader, long-term trends in the use of cleaner fuels and emission control technologies in the industrial
sector.

It is also important to consider the role of meteorology in modulating pollutant concentrations. Weather patterns,
including wind speed and direction, temperature, and rainfall, can have a significant impact on the dispersion and chemical
transformation of pollutants. While our study focuses on the long-term trends, it is important to acknowledge that year-
to-year variability can be influenced by meteorological factors.

In summary, the analysis of the 2015-2024 period provides a clear signal of the impact of the COVID-19 pandemic
on air quality in the BAC. The sharp reduction in traffic-related pollutants like NO2 and Benzene serves as a powerful
demonstration of the potential air quality benefits of reducing our reliance on fossil fuel-powered transportation. However,
the more complex behavior of pollutants like PM10 and O3 underscores the need for multi-faceted and nuanced air quality
management strategies that account for the intricate interplay of different emission sources and atmospheric processes.

Concerning the analysis of the clusters shown in Figure 13, it can be stated that they are strongly correlated with
the interplay between emission sources, orography, and meteorological factors. The Zone 1 Cluster, corresponds directly
to densely populated, highly industrialized areas situated in rather deep valleys, where poor natural ventilation leads to
pollutant accumulation. Conversely, the Zone 2 Cluster is found in sparsely populated, high-altitude rural regions, which
benefit from minimal emissions and excellent wind exposure. Intermediate clusters, such as the Zone 4 Cluster along the
coast, reflect areas with good dispersion influenced by cleansing sea breezes, even in moderately populated zones. Finally,
the Zone 3 Cluster marks transition zones with moderate industrial activity and average ventilation. This spatial pattern
confirms that the physical geography of the CAV dictates the ultimate fate of atmospheric pollutants.

3.2 Conclusions
This research meticulously documents the evolution of six pollutants and, more importantly, interprets the observed

changes as a reflection of shifting societal dynamics of the BAC. The implications of this research are significant. The
“natural experiment” of the COVID-19 lockdown has provided invaluable data on the sources and dynamics of air
pollution in the Basque Country. It underscores that targeted policies aimed at reducing vehicular traffic can yield
immediate and substantial improvements in air quality. However, it also serves as a caution that air quality management
is not a simple matter of reducing one type of emission. The complex and non-linear nature of atmospheric chemistry,
especially with regard to ozone and secondary particulate matter, requires a holistic approach that considers the balance
of different precursor pollutants.

The research provides a scientifically grounded basis for discussing the environmental impact of the collective habits
of the region. For future guidelines, and as the quality of the air is a cornerstone of public health and environmental stability,
monitoring of these data crossed with health-related records, may provide enriching information. Thus, the research team
will focus its efforts on linking local pollution data with health-related data. As well, the inclusion of a wider array of
pollutants, particularly Volatile Organic Compounds (VOCs) and finer particulate matter, would provide an even more
detailed picture of the region’s air quality. Furthermore, integrating our air quality data with detailed meteorological and
traffic models would allow for a more precise quantification of the relative contributions of emissions and weather to the
observed pollutant concentrations.

In conclusion, this study not only builds upon our previous work but also contributes to the broader scientific
understanding of the environmental impacts of the COVID-19 pandemic. The insights gained from this unique period
should be leveraged to inform the development of more effective, evidence-based air quality policies for a healthier and
more sustainable future.
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Finally, it is worth mentioning that he validity of this research has been as well used to reinforce the plausibility
of these techniques to noise reduction programs of two steel plants, better detecting and predicting noise sources to take
predictive actions on them.
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