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Abstract: The evaluation of air pollution is a critical concern due to its potential severe
impacts on human health. Currently, vast quantities of data are collected at high fre-
quencies, and researchers must navigate multiannual, multisite datasets trying to identify
possible pollutant sources while addressing the presence of noise and sparse missing data.
To address this challenge, multivariate data analysis is widely used with an increasing
interest in neural networks and deep learning networks along with well-established chemo-
metrics methods and receptor models. Here, we report a combined approach involving
the Self-Organizing Map (SOM) algorithm, Hierarchical Clustering Analysis (HCA), and
Positive Matrix Factorization (PMF) to disentangle multiannual, multisite data in a single
elaboration without previously separating the sites and years. The approach proved to be
valid, allowing us to detect the site peculiarities in terms of pollutant sources, the variation
in pollutant profiles during years and the outliers, affording a reliable interpretation.

Keywords: pollution; ambient air; particulate matter; NOx; multivariate analysis; self-
organizing map; hierarchical clustering; positive matrix factorization; COVID-19

1. Introduction
Air pollution assessment is a fundamental issue because air quality can have serious

consequences for human health [1–3]. Nowadays, a huge amount of data are recorded
at high frequency and, when trying to extract useful information, the researcher needs to
cope with multiannual, multisite data as well as the possible presence of noise and sparse
missing data [4,5].

Multivariate data analysis is widely used to face this challenge: beside well-established
chemometrics such as Principal Component Analysis (PCA), Hierarchical Clustering Anal-
ysis (HCA), and k-means clustering (KM), there is a growing interest in neural networks
and deep learning networks used for both analysis and prediction [5,6]. In this context, the
Self-Organizing map algorithm has been successfully used for unsupervised analysis of
large datasets [7–10]. The SOM algorithm is able to deal with large datasets and non-linear
relationships among the variables and it is not significantly affected by outliers [11–13].

Another aim of air quality studies is to identify possible pollutant sources. In this
context, the so-called receptor models are used [14,15]. Among them, Positive Matrix
Factorization is widely used [16]. Nevertheless, there are few studies that use both SOM
and PMF for environmental quality characterization, and they are mainly focused on
water [17,18] and soil/sediment matrices [19,20].
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We found only two papers using this multivariate analysis combination for assessing
air quality [21,22]. In both of them, the algorithms were separately applied to the dataset
and then the results were compared and combined for assessing the conclusions.

In this study, we wanted to take advantage of SOM’s capability to extract recurrent
variable profiles from the experimental dataset, which usually are one or two orders of
magnitude less than those of the input dataset, to obtain a reduced “cleaner” dataset to
be used for PMF input. In fact, the reduced dataset obtained by SOM contains less noise
and “smoothed” outliers; thus, it is more suitable for further investigation than the original
dataset. To the best of our knowledge this is the first time that the abovementioned method
has been used to assess air quality and identify possible pollution sources and outliers,
such as desert dust events.

To prove the capabilities of this method, we chose a multisite, multiannual dataset
containing data from the year 2020, when the COVID-19 pandemic forced governments
worldwide to subject their populations to lockdown periods [23]. Several studies have
been conducted worldwide to assess the impact of lockdown on air quality. Most of the
studies showed that substantial reductions in NO2 and NOx were associated with reduced
mobility, and thus with reduced amounts of traffic. PM10 and PM2.5 showed a reduction but
with complex signals; more significant reductions were detected in megacities, whereas the
decrease was less evident in suburban and rural sites. In some cases, the PM concentration
increased [24,25].

2. Materials and Methods
2.1. Dataset

The hourly data elaborated in this study were collected in the two main cities in the
Friuli Venezia-Giulia region (North-East of Italy). One of the cities is by the sea (Trieste—
45◦39′01′′ N 13◦46′13′′ E, 200,000 inhabitants) and one is inland (Udine—46◦04′ N 13◦14′ E,
100,000 inhabitants).

The data were retrieved from the Environmental Protection Agency of Friuli Venezia-
Giulia Region—Italy (ARPA-FVG) website.

We chose the data collected by monitoring stations classified as “urban traffic” and
“city background” stations; thus, four monitoring stations were considered, and they
were named according to the city (1 = Trieste, 2 = Udine) and the type (A = “traffic”,
B = ”background”). The following pollutants were considered: benzene (Ben), toluene
(Tol), PM10, NO, and NO2. The chosen periods were from 9th of March to 3rd of May from
2018 to 2023.

2.2. Data Analysis Method

The data were elaborated according to the method shown in Figure 1. First, the SOM
algorithm was applied to the dataset, in which each sample is a vector containing a value
for each considered variable. The SOM algorithm is a neural network that works in an
unsupervised way and it is composed only of the input layer and the output layer, with
no hidden layers. The output layer is formed by a list of vectors containing a value for
each modeled variable, and each vector is called “node” or “neuron”. Usually, there are
ten to one thousand times fewer nodes in proportion to the number of samples, but the
nodes can still be used to represent the variability of the input layer. The node values are
arranged in a matrix called “codebook”. Each “node” can be represented by a hexagon in a
2D map in which similar nodes are depicted close one to each other, and the evaluation of
the multivariate distance between nodes allows us to identify possible clusters [26,27]. Each
node represents (i.e., “is similar” in terms of multidimensional Euclidean distance) one or
more experimental vectors belonging to the data matrix. Moreover, the way in which the
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algorithm works reduces the noise of the data [28,29]; this feature is particularly useful
when handling instrumental outputs, as was the case in the described study.
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Figure 1. Scheme of data analysis method.

In this specific application, the codebook represents recurrent air quality profiles
recorded at the sampling sites. The second step was to cluster the nodes applying a
hierarchical clustering algorithm using the Euclidean distance and the Ward’s linkage
method. In many cases, a clustering method is applied to the codebook [30]. The clustering
allows us to obtain “macro-groups” of nodes with similar characteristics, and the benefit
of the use of SOM is that the obtained clusters can be depicted on the SOM. The centroid
cluster matrix can be thus considered to represent “air quality types” (e.g., “low polluted”,
“medium polluted”, highly polluted”, “background”, . . .).

The centroid matrix can also give some indication about the possible pollution sources,
but sometimes the sources can be mixed and there can be no clear interpretation.

The PMF algorithm is a multivariate receptor model that is widely used for identifying
source contributions using data collected at the receptor sites [16,31]. We applied the PMF
algorithm on the codebook to disentangle the different source contributions, and, by finding
the nodes which made greater contributions to the PMF factors, we were able to provide a
more complete interpretation of the “air quality types”.

The R software environment was used both for the dataset preparation and the sta-
tistical analysis. The data were elaborated using the SOMEnv package for the R software
environment [32]. The package is based on the kohonen package [33,34] for SOM analysis
and the openair package [35] for managing date/time recordings. The missing data were
filled in using the mdatools package [36]. The bidimensional HCA plots were obtained using
the pheatmap package [37]. The EPA PMF (version 5.0 https://www.epa.gov/air-research,
accessed on 30 November 2024) was used to perform Positive Matrix Factorization analysis.

3. Results and Discussion
3.1. Data Cleaning

The data for the four sites were gathered into a single dataset. The dataset was cleaned
of all rows containing unavailable values and only the “date–time” combinations present
in all four sites were retained. In this way, for each site, we obtained 7999 samples (each
sample represents one hour of recording) which were almost evenly distributed in the six
years of interest, leading to a dataset containing an overall number of 31,996 rows by five
columns (one for each pollutant). The unavailable values were filled in using the algorithm
present in the pca.mvreplace function contained in the mdatools package.

https://www.epa.gov/air-research
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3.2. SOM Analysis

The abovementioned dataset was autoscaled by variable and used to build the SOM
model, giving the model no prior knowledge about the site or year classification, to exploit
the powerful unsupervised analysis potential of SOM algorithm. The algorithm initial-
ization as well as the number of nodes and map dimensions were selected according to
Vesanto’s heuristic rules [26]. Several models were built using different map dimensions
and the quality of the model was checked using three well-known parameters: the overall
quantization error, the topographic error, and the distribution-matching error [28]. The
best model was that with a 41 × 22 map dimension representing 902 recurrent air quality
profiles. The obtained map is represented in Figure 2, in which the codebook values are
shown in separate maps according to the variable using a grayscale (“heatmaps”). It can
be observed that the highest pollutant values are depicted on the top and left edges of the
map. In contrast, the lowest values are depicted in the bottom-right area of the map. As a
rule, similar nodes are depicted close together on the map to maintain the dataset topology,
but there can be some edges among nodes. The edges allow us to visualize possible node
grouping and are usually represented using the distances between neighborhood nodes.
The distance map represented in Figure 2 shows that there is a discontinuity (white “peak”
area) spreading from the upper left part toward the map center. This is in accordance with
the behavior observed in the heatmaps.
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Figure 2. Distribution of the modeled variables on the SOM. The distribution of the single pollutants
(Ben, NO, NO2, Tol, PM10) on each node is depicted in grayscale, from white (lower concentration
values) to black (higher concentration values). In the distance map, the distance between a node and
its neighbors is depicted with a scale from green to white: the higher the distance, the greater the
prevalence of white shading on the scale.

3.3. Hierarchical Clustering

The nodes were then grouped using hierarchical clustering for a more in-depth and
quantitative analysis, as stated in Section 2.2. The clustering algorithm was applied to
the codebook. The clustering is shown in Figure 3 in a two-way mode in which both the
nodes (arranged in rows) and the modeled variables (arranged in columns) were grouped.
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We evaluated the quality of clustering from 2 to 10 clusters using the Davies–Bouldin
index [38], which is regarded as a robust cluster validity index [39]. The best number of
clusters was six. The six clusters are highlighted by colored rectangles in Figure 3; moreover,
the rectangles show where the HCA “branches” were cut row-wise in order to obtain the
six clusters.
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Figure 3. Clustered two-way HCA map. Each row represents a node, while each column represents
the values of the modeled variables retaining the autoscaling operated before SOM analysis; thus, the
color scale represents low (dark red) to high (dark blue) values. The six clusters obtained are depicted
by rectangles and the assigned cluster number is indicated on the right-hand side of the figure.

In Figure 4, the grouping on the map is shown together with the “air type” variable
profiles represented by radar plots. The boxplots on the right show the spread of the
modeled values for each cluster. The node clusters provide insights into the characteristics
present in the pollutants data. It can be observed that clusters 1, 2, and 3 (highlighted in
the top-left part of the map) represent “highly polluted” air with relatively high values of
PM10 (cluster 1), Ben and Tol (cluster 2), NO and NO2 (cluster 3), compared to the others.
By observing the boxplot, it can be noticed that for cluster 3, the variable values are fairly
spread out, with the exception of PM10. Clusters 1, 2, and 3 are in the same map area
outlined by the distance discontinuity depicted in Figure 2. Moreover, the distribution of
the variable values of the same area can be identified in the heatmaps presented in Figure 2.
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Cluster 5 occupies the entire bottom-right side of the map, as it contains many nodes
with the smallest concentrations of pollutants among all other clusters. It can be associated
with the “background” air type. A so-called “background” pollutant concentration is
the lowest level of concentration that can be reached in an area, when there are no “ac-
tive” sources nearby; only a level of concentration that can be attributed to long-distance
transport and aged pollutant distribution in the area. Cluster 6 and 4 can be classified as
“medium” and “low” polluted air, respectively.

The significance of the difference between the clusters was assessed using a Kruskal–
Wallis non-parametric test. p-values of <0.001 were obtained for all the variables. Then, the
Wilcoxon test with Bonferroni correction was used to assess the paired difference between
clusters. Almost all the paired differences were significant; the results are reported in detail
in the Supplementary Material.

The obtained clusters can also be linked to the different monitoring stations and the
timeframe in which the pollutant levels were recorded. This evaluation was performed for
all stations by labeling the percentage of each cluster for each day, according to the moni-
toring station and year. In Figure 5, the stacked daily bar plots for site A1 are represented,
with the same color code provided for the SOM in Figure 4. The plots for all the sites are
reported in the Supplementary Material.

Figure 5 shows the effect of the lockdown in 2020, with high prevalence of cluster 5,
showing that the impact of pollutants was low for most of this period, according to results
highlighted in other studies [23]. This effect can also be observed at sites B1 and A2 and, to
a lesser extent, at B2. Thus, the effect is more evident in “traffic”-monitoring stations (A1
and B1), in accordance with other studies [24,25].

It can also be seen that, for the year 2020 alone, both A- and B-type sites in the
respective cities show similar behavior, smoothing out the differences that can be observed
in other years.

Cluster 2 seems to be a peculiar “air type” of site 1, characterized by the presence of
high values of Ben and Tol, and partly of NO2. It can be related to two possible sources.
The first source, until its closure in 2020, was an integrated-cycle steel plant which, in
particular, released benzene from its coke distillation ovens [40,41]. The second source, that
is still active, is the presence of a harbor with a petrochemical terminal, which can release
several types of hydrocarbons during unloading operations [42]. The presence of NO2 can
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be related to the combustion process for the first source and to ship stack emissions for the
second one.
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Cluster 3 shows the highest values of NO, which is a product of primary combustion.
After the emission, it is oxidized to NO2 in tens of minutes, depending on the presence
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of oxidants, such as ozone, in the air [43,44]. From the daily plots, it can be observed that
cluster 3 is barely visible for 2020 for all of the sites, confirming that the primary combustion
source close to the monitoring stations (i.e., traffic) was largely absent, as other sources
of combustion producing NO (e.g., domestic heating) that are not so close to the stations
exploit their effect in NO2 concentrations.

For 2019 and 2020, some days (at the end of March and at the end of April, respectively)
show a high percentage of cluster 1, which is characterized by a high level of PM10.

The SOM output allows us to detect possible outliers observing the values of the
“so-called” quantization errors (QEs) [45,46].

A quantization error is the multidimensional distance of a sample from the node that
best represents it (Best Matching Unit). A relatively high value of QEs means that the
sample could be a possible outlier. The sample outliers were explored and reported in the
Supplementary Material in stacked plots split by site and year; in 2020, all the sites showed
outliers belonging to cluster 1. To a minor extent, such outliers were also present in 2019,
although none were observed for site B2. The outliers correspond to two intense desert
dust intrusions in the Northern Adriatic Sea area [47].

In site B2, in 2023, we noted the presence of samples with high QEs at the end of March
for few hours. They could be related to a possible transient event, such as an accidental
gasoline spill or road asphalting operation.

3.4. Positive-Matrix Factorization

The codebook was used as input for the PMF algorithm and the uncertainties used
for the variables were 6.2% for NO and NO2, 10.9% for Ben and Tol, and 10% for PM10,
respectively. Considering the abovementioned clustering results, we tried to identify four
to six emission sources/factors, obtaining better model quality parameters for five factors.
The bootstrap method was employed to mitigate uncertainty and validate the precision of
the PMF model. The first three factors were perfectly replicated in over 100% of the runs;
factor 4 in over 87% of the runs, and factor 5 in over 42% of the runs. No runs were left
unmapped, indicating that bootstrap uncertainties are interpretable and the number of
factors may be suitable. For all factors, 80% of the species from the base run fell within the
interquartile range (25th–75th percentile) of the bootstrap runs, thereby underscoring the
robustness of the PMF modeling. The five factor profiles are shown in Figure 6 along with
the nodes of the map, which mainly contributed to the factors. The factor fingerprints are
reported in the Supplementary Material.

Factor 1 mainly shows an hydrocarbon source with a partial contribution of NO2.
Most of the nodes that contribute to this factor are those in cluster 2, which has already
been recognized as a peculiarity of site 1. This is a mixed industrial source, as explained in
detail in Section 3.3. Factor 2 shows the highest percentage of NO, indicating a primary
source of combustion that, considering the monitoring station positioning described at
Section 2.1, is mainly related to road transport. The nodes that mostly contribute to this
factor are those belonging to cluster 3, which was described in detail in Section 3.3.

Factor 3 contains the highest percentage of PM10, with nearly no percentage of the
other pollutants indicating a “pure” dust source. The nodes with the greatest contribution
to this factor are those belonging to cluster 1. In this cluster, the outliers represent the desert
dust intrusion were found, as described in detail in Section 3.3.

Factor 4 indicates an aged combustion source, with the presence of NO2 and PM10.
The nodes with the greatest contribution to this factor are those belonging to cluster 4,
which represented “low polluted” air; thus, the results are consistent. Factor 5 indicates a
mixed source of PM10 and hydrocarbons. The nodes with the greatest contribution to this
factor are fairly spread out on the SOM, with some of them gathered in a sub-area of cluster
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5; moreover, this was the factor with the lowest precision. Thus, there is no straightforward
interpretation of this factor.
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The nodes belonging to cluster 6 did not show a clear contribution to a specific factor;
thus, they probably originate from a combination of sources, in accordance with the cluster
interpretation of “medium-level” pollution.

Using PMF, we recognized and confirmed the source nature of four out of six clusters
identified by HCA, allowing a more in-depth interpretation of the spatial and temporal air
quality variation in the two monitored cities.

4. Conclusions
In this study, we used a combined approach of multivariate analysis involving SOM,

HCA, and PMF to disentangle multiannual, multisite data in a single elaboration without
previously separating the sites and years. The approach proved to be valid, allowing us to
detect the site peculiarities in terms of pollutant sources, the variation in pollutant profiles
during years, and the outliers, affording a reliable interpretation. In detail, SOM allowed us
to obtain recurrent pollutant profiles while retaining the relevant information and reducing
the noise. HCA allowed us to classify different air types and evaluate their impact on
the population. PMF was used to recognize and confirm the pollutant sources identified
by HCA.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/toxics13020137/s1, Table S1: Wilcoxon test results; Figure S1:
Barplots representing the daily percentage distribution of clusters for site A1. From the top to the
bottom of the figure: years from 2018 to 2023; Figure S2: Barplots representing the daily percentage
distribution of clusters for site B1. From the top to the bottom of the figure: years from 2018 to 2023;
Figure S3: Barplots representing the daily percentage distribution of clusters for site A2. From the
top to the bottom of the figure: years from 2018 to 2023; Figure S4: Barplots representing the daily
percentage distribution of clusters for site B2. From the top to the bottom of the figure: years from
2018 to 2023; Figure S5: Quantization error plots for site A1. From the top to the bottom of the figure:
years from 2018 to 2023; Figure S6: Quantization error plots for site B1. From the top to the bottom of

https://www.mdpi.com/article/10.3390/toxics13020137/s1
https://www.mdpi.com/article/10.3390/toxics13020137/s1


Toxics 2025, 13, 137 10 of 12

the figure: years from 2018 to 2023; Figure S7: Quantization error plots for site A2. From the top to the
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19. Trajković, I.; Sentić, M.; Vesković, J.; Lučić, M.; Miletić, A.; Onjia, A. Source-Oriented Health Risks and Distribution of BTEXS in
Urban Shallow Lake Sediment: Application of the Positive Matrix Factorization Model. Water 2024, 16, 2302. [CrossRef]

20. Zhang, Y.; Zhang, Q.; Chen, W.; Shi, W.; Cui, Y.; Chen, L.; Shao, J. Source Apportionment and Migration Characteristics of Heavy
Metal(Loid)s in Soil and Groundwater of Contaminated Site. Environ. Pollut. 2023, 338, 122584. [CrossRef]

21. Hassan, M.S.; Bhuiyan, M.A.H.; Rahman, M.T. Sources, Pattern, and Possible Health Impacts of PM2.5 in the Central Region of
Bangladesh Using PMF, SOM, and Machine Learning Techniques. Case Stud. Chem. Environ. Eng. 2023, 8, 100366. [CrossRef]

22. Liu, H.; Wang, Q.; Liu, S.; Zhou, B.; Qu, Y.; Tian, J.; Zhang, T.; Han, Y.; Cao, J. The Impact of Atmospheric Motions on Source-
Specific Black Carbon and the Induced Direct Radiative Effects over a River-Valley Region. Atmos. Chem. Phys. 2022, 22,
11739–11757. [CrossRef]

23. Kumar, S. Insights on Air Pollution During COVID-19: A Review. Aerosol Sci. Eng. 2023, 7, 192–206. [CrossRef]
24. Sokhi, R.S.; Singh, V.; Querol, X.; Finardi, S.; Targino, A.C.; Andrade, M.d.F.; Pavlovic, R.; Garland, R.M.; Massagué, J.; Kong, S.;

et al. A Global Observational Analysis to Understand Changes in Air Quality during Exceptionally Low Anthropogenic Emission
Conditions. Environ. Int. 2021, 157, 106818. [CrossRef]

25. Bar, S.; Parida, B.R.; Mandal, S.P.; Pandey, A.C.; Kumar, N.; Mishra, B. Impacts of Partial to Complete COVID-19 Lockdown on
NO2 and PM2.5 Levels in Major Urban Cities of Europe and USA. Cities 2021, 117, 103308. [CrossRef]

26. Vesanto, J. SOM-Based Data Visualization Methods. Intell. Data Anal. 1999, 3, 111–126. [CrossRef]
27. Himberg, J.; Ahola, J.; Alhoniemi, E.; Vesanto, J.; Simula, O. The Self-Organizing Map as a Tool in Knowledge Engineering; World

Scientific Publishing: Singapore, 2001; pp. 38–65.
28. Licen, S.; Astel, A.; Tsakovski, S. Self-Organizing Map Algorithm for Assessing Spatial and Temporal Patterns of Pollutants in

Environmental Compartments: A Review. Sci. Total Environ. 2023, 878, 163084. [CrossRef]
29. Clark, S.; Sisson, S.A.; Sharma, A. Tools for Enhancing the Application of Self-Organizing Maps in Water Resources Research and

Engineering. Adv. Water Resour. 2020, 143, 103676. [CrossRef]
30. Vesanto, J.; Alhoniemi, E. Clustering of the Self-Organizing Map. IEEE Trans. Neural Netw. 2000, 11, 586–600. [CrossRef]
31. Paatero, P. Least Squares Formulation of Robust Non-Negative Factor Analysis. Chemom. Intell. Lab. Syst. 1997, 37, 23–35.

[CrossRef]
32. Licen, S.; Franzon, M.; Rodani, T.; Barbieri, P. SOMEnv: An R Package for Mining Environmental Monitoring Datasets by

Self-Organizing Map and k-Means Algorithms with a Graphical User Interface. Microchem. J. 2021, 165, 106181. [CrossRef]
33. Melssen, W.; Wehrens, R.; Buydens, L. Supervised Kohonen Networks for Classification Problems. Chemom. Intell. Lab. Syst. 2006,

83, 99–113. [CrossRef]
34. Wehrens, R.; Kruisselbrink, J. Flexible Self-Organizing Maps in Kohonen 3.0. J. Stat. Softw. 2018, 87, 1–18. [CrossRef]
35. Carslaw, D.C.; Ropkins, K. Openair—An r Package for Air Quality Data Analysis. Environ. Model. Softw. 2012, 27–28, 52–61.

[CrossRef]
36. Kucheryavskiy, S. Mdatools—R Package for Chemometrics. Chemom. Intell. Lab. Syst. 2020, 198, 103937. [CrossRef]
37. Kolde, R. Package “Pheatmap”: Pretty Heatmaps. R. package; GitHub, Inc.: San Francisco, CA, USA, 2022; pp. 1–8.
38. Davies, D.L.; Bouldin, D.W. A Cluster Separation Measure. IEEE Trans. Pattern Anal. Mach. Intell. 1979, PAMI-1, 224–227.

[CrossRef]
39. Todeschini, R.; Ballabio, D.; Termopoli, V.; Consonni, V. Extended Multivariate Comparison of 68 Cluster Validity Indices. A

Review. Chemom. Intell. Lab. Syst. 2024, 251, 105117. [CrossRef]
40. Licen, S.; Tolloi, A.; Briguglio, S.; Piazzalunga, A.; Adami, G.; Barbieri, P. Small Scale Spatial Gradients of Outdoor and Indoor

Benzene in Proximity of an Integrated Steel Plant. Sci. Total Environ. 2016, 553, 524–531. [CrossRef]
41. Astel, A.M.; Giorgini, L.; Mistaro, A.; Pellegrini, I.; Cozzutto, S.; Barbieri, P. Urban BTEX Spatiotemporal Exposure Assessment by

Chemometric Expertise. Water Air Soil Pollut. 2013, 224, 1503. [CrossRef]
42. Kiihamäki, S.P.; Korhonen, M.; Kukkonen, J.; Shiue, I.; Jaakkola, J.J.K. Effects of Ambient Air Pollution from Shipping on Mortality:

A Systematic Review. Sci. Total Environ. 2024, 945, 173714. [CrossRef]
43. Stewart, G.B.; Dajnak, D.; Davison, J.; Carslaw, D.C.; Beddows, A.V.; Phantawesak, N.; Stettler, M.E.J.; Hollaway, M.J.; Beevers,

S.D. New NOx and NO2 Vehicle Emission Curves, and Their Implications for Emissions Inventories and Air Pollution Modelling.
Urban Clim. 2024, 57, 102103. [CrossRef]

https://doi.org/10.1016/j.atmosenv.2004.05.040
https://doi.org/10.1002/env.3170050203
https://doi.org/10.1016/j.envpol.2024.125301
https://doi.org/10.1016/j.watres.2024.122458
https://doi.org/10.3390/w16162302
https://doi.org/10.1016/j.envpol.2023.122584
https://doi.org/10.1016/j.cscee.2023.100366
https://doi.org/10.5194/acp-22-11739-2022
https://doi.org/10.1007/s41810-023-00173-w
https://doi.org/10.1016/j.envint.2021.106818
https://doi.org/10.1016/j.cities.2021.103308
https://doi.org/10.3233/IDA-1999-3203
https://doi.org/10.1016/j.scitotenv.2023.163084
https://doi.org/10.1016/j.advwatres.2020.103676
https://doi.org/10.1109/72.846731
https://doi.org/10.1016/S0169-7439(96)00044-5
https://doi.org/10.1016/j.microc.2021.106181
https://doi.org/10.1016/j.chemolab.2006.02.003
https://doi.org/10.18637/jss.v087.i07
https://doi.org/10.1016/j.envsoft.2011.09.008
https://doi.org/10.1016/j.chemolab.2020.103937
https://doi.org/10.1109/TPAMI.1979.4766909
https://doi.org/10.1016/j.chemolab.2024.105117
https://doi.org/10.1016/j.scitotenv.2016.02.071
https://doi.org/10.1007/s11270-013-1503-7
https://doi.org/10.1016/j.scitotenv.2024.173714
https://doi.org/10.1016/j.uclim.2024.102103


Toxics 2025, 13, 137 12 of 12

44. Ghermandi, G.; Fabbi, S.; Veratti, G.; Bigi, A.; Teggi, S. Estimate of Secondary NO2 Levels at Two Urban Traffic Sites Using
Observations and Modelling. Sustainability 2020, 12, 7897. [CrossRef]

45. Muñoz, A.; Muruzábal, J. Self-Organizing Maps for Outlier Detection. Neurocomputing 1998, 18, 33–60. [CrossRef]
46. Muruzábal, J.; Muñoz, A. On the Visualization of Outliers via Self-Organizing Maps. J. Comput. Graph. Stat. 1997, 6, 355–382.

[CrossRef]
47. Mifka, B.; Telišman Prtenjak, M.; Kavre Piltaver, I.; Mekterović, D.; Kuzmić, J.; Marciuš, M.; Ciglenečki, I. Intense Desert Dust
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