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Urban air pollution is a health hazard linked to anthropogenic emissions. Reliable evaluation of changes in
pollutants due to altered emissions requires considering meteorological and other variability influencing con
centrations. Here, a combination of ensemble learning, competitive learning and unsupervised clustering is
proposed and applied to leverage the change analysis of particulate matter (PM2.5) and other pollutants.
Machine Learning (ML) algorithms Random Forest (RF) and Self-Organizing Map (SOM) were trained with
historical meteorological data, pollutant concentrations and traffic indicators. The importance of different var
iables for local PM2.5 was determined with RF. SOM was configured for multivariable cluster analysis. The
trained SOM enabled predicting a cluster for new data representing conditions with shifted anthropogenic ac
tivity. The prediction forms a benchmark for the analysed period with maximized meteorological similarity,
which facilitates identifying changes in ambient pollutants due to changed emissions.
The method was applied to data from the start of COVID-19 pandemic, 3/2020, when emissions suddenly
decreased. For measurements from Helsinki, Finland, the SOM yielded a statistically significant change in PM2.5
(− 0.7%), NO2 (− 33%) and O3 (+17%). Comparing data from 3/2020 to data from 3/2017–2019 produced
different results (PM2.5 − 1.7%, NO2 − 37%, O3 − 4.0%). Statistical indicators confirmed better compatibility
between the analysed period and its benchmark when using the SOM prediction instead of calendar-based se
lection: Average RMSRE was 19%-points lower and Willmott’s dr 41% higher with SOM than with 3/2017–2019.
Based on the case study and method evaluation, using ML for multivariate analysis of changed air pollution is
feasible and yields meaningful results.

1. Introduction
Ways to investigate and reduce atmospheric pollution in urban en
vironments have steadily gained scientific and political interest. Longterm exposure to particulate matter suspended in air (especially to fine
particles with aerodynamic diameters below 2.5 μm, PM2.5) is associated
with a variety of adverse health effects and premature mortality (e.g.,
Kampa and Castanas, 2008; Lelieveld et al., 2015; Burnett et al., 2018).
These detrimental consequences combined with increasing populations
exposed to urban air motivate different actions to decrease anthropo
genic emissions. For understanding the effectiveness of those actions, it
is important to be able to reliably evaluate if they produced statistically

significant changes in atmospheric concentrations. Some existing eval
uations have been reviewed by Hulkkonen et al. (2020), who concluded
that they often inadequately address the complexity of the urban system
and especially other sources of variability in the concentrations of par
ticulate pollution.
In urban air, PM2.5 has different sources, including primary emis
sions from combustion (e.g. traffic, biomass burning) and from me
chanical abrasion, natural sources, and secondary sources via gas-toparticle conversion (e.g., Seinfeld and Pandis, 2016; Paasonen et al.,
2016; Amato et al., 2014). In addition to local sources and sinks,
long-range transportation (LRT) contributes with a varying fraction to
the total particle concentration (e.g., Querol et al., 2004; Perrone et al.,

Peer review under responsibility of Turkish National Committee for Air Pollution Research and Control.
* Corresponding author.
E-mail address: mira.hulkkonen@oulu.fi (M. Hulkkonen).
https://doi.org/10.1016/j.apr.2022.101393
Received 12 October 2021; Received in revised form 16 March 2022; Accepted 18 March 2022
Available online 22 March 2022
1309-1042/© 2022 Turkish National Committee for Air Pollution Research and Control. Published by Elsevier B.V. This is an open access article under the CC BY
license (http://creativecommons.org/licenses/by/4.0/).

M. Hulkkonen et al.

Atmospheric Pollution Research 13 (2022) 101393

2013; Chen et al., 2014; Kukkonen et al., 2008). Karagulian et al. (2015)
have reviewed source contribution analyses for particulate matter from
cities around the world, and they concluded that on average 25% of
urban PM2.5 is contributed by traffic, 15% by industrial activities, 20%
by domestic fuel burning, 22% by unspecified sources of human origin,
and 18% by natural sources. They highlighted that the contributions by
source category have substantial variation between cities. Within a
single city, there can be significant temporal and spatial variation in
particle concentrations, especially due to the dynamic nature of traffic as
an emission source (Kumar et al., 2011). Various analyses considering
concentrations of fine particles and their source apportionment for
Helsinki, Finland, have been conducted, for example by Aarnio et al.
(2016), Soares et al. (2014) and Kukkonen et al. (2016), all relying on
atmospheric dispersion models. According to Aarnio et al. (2016), LRT
contributes to 72–92% of PM2.5 concentrations measured at urban sta
tions in Helsinki. The contribution of local sources to PM2.5 concentra
tions in Helsinki is in general low, but has strong spatial and temporal
variability.
The dispersion of pollution within the atmospheric boundary layer is
governed by meteorological conditions that interact with the urban
landscape (Stull, 1988). Thus, variations in those conditions, in possible
removal processes, in anthropogenic emissions and in the formation of
secondary aerosol (SA) control the variation of total ambient concen
trations of PM2.5. A conventional way of analysing changes in concen
trations relies on calendar-based comparisons, such as comparing data
from one month against the long-term average in that month. For
example, the air quality impacts of the lockdowns enforced in many
cities worldwide in response to the outbreak of COVID-19 in 2020 have
been analysed with such comparisons: Le et al. (2020) compared a
3-week period in March 2020 to the same calendar period averaged over
2015–2019 to study the air quality impacts in China, Chauhan and Singh
(2020) analysed the change in PM2.5 levels in multiple cities (New York,
Los Angeles, Zaragoza, Rome, Dubai, Delhi, Mumbai, Beijing and
Shanghai) by comparing data from March 2020 to either February 2020
or March in previous years, and Torkmahalleh et al. (2021) analysed the
changes in PM2.5, NO2 and O3 concentrations with data from 141 cities
in 34 countries by comparing concentrations in 2020 to those in previ
ous years.
Here, we approach the analysis of changes in urban air pollutant
concentrations with Machine Learning methods. We use an ensemble
learning technique Random Forest (RF) to analyse the importance of
different variables for local PM2.5 levels. To further investigate PM2.5
concentrations with connection to multidimensional data, we apply
dimensionality reduction and unsupervised clustering using a competi
tive learning method Self-Organizing Map (SOM). We seek to determine if
using a trained SOM to predict a benchmark instead of selecting the
comparison period based on calendar is a useful and reliable approach
that can address the challenge of considering the various causes of
variability in air pollutant concentrations.
Zhang et al. (2018) have reviewed a variety of methods to estimate
and predict PM2.5 concentrations, and concluded that Machine Learning
methods hold potential for estimating the spatio-temporal dynamics of
urban PM2.5. Specific Machine Learning methods RF and SOM have been
applied to some extent in atmospheric science. RF has been used e.g. to
correct model reduction errors in the simulation of cloud droplet for
mation (Lipponen et al., 2013, 2018), to classify climate zones based on
Earth observation data (Bechtel and Daneke, 2012) and to label land
cover types from remote sensing data (Pal, 2005). In air pollution
studies, Machine Learning methods have been used to identify and
examine linear and non-linear, and both well-established and unex
pected relationships between air pollution concentrations and different
meteorological variables. Austin et al. (2012) used k-means partitioning
and hierarchical clustering for identifying multi-pollutant concentration
profiles. Pearce et al. (2014) developed air quality classifications and
identified different multipollutant day types with SOM. Karaca and
Camci (2010) investigated the long-range transportation of PM10

(particulate matter with aerodynamic diameters below 10 μm) by
clustering back-trajectory data for episodic events of high concentra
tions. Gass et al. (2014) used classification and regression trees for
investigating the joint effects of CO, NO2, O3, and PM2.5 on admissions to
the hospital emergency room. Wu et al. (2017, 2019) used Machine
Learning methods, including RF and SOM, to understand the annual
cycle of PM2.5 in different regions of the Sichuan Basin in China and the
relative importance of different meteorological and surface features
contributing to it.
In this work, we apply RF, SOM and extensive measurement data
from Helsinki, Finland, covering over 8 years. Our goal is to reliably
identify the impacts of shifted anthropogenic activity on atmospheric
concentrations of particulate matter and other air pollutants. In partic
ular, we wish to establish a viable approach for detecting changes in
urban air pollution while retaining connection to varying conditions
that influence air pollution levels.
2. Methodology
The work presented in this paper focuses on a method combination
to provide new insights for analysing changes in air pollution. In Section
2.1, we introduce the measurement data, and in Sections 2.2 and 2.3 we
describe the basic principles of the applied methods.
2.1. Measurement data
2.1.1. Air pollution: particulate matter and gaseous compounds
Measurement data of ambient air pollutant concentrations is openly
available for several measurement stations operated by Helsinki Region
Environmental Services Authority (HSY) and Finnish Meteorological
Institute (FMI) within Helsinki region. Here, we analyse data from an
urban station located by a busy main road Mannerheimintie in central
Helsinki (60.17◦ N, 24.94◦ E), and from a remote station Luukki (60.31◦ N,
24.68◦ E, approximately 21 km north-west from the urban station) that is
often regarded to represent background conditions and LRT affecting air
quality in Helsinki (Aarnio et al., 2016).
Both PM2.5, which is more influenced by anthropogenic sources,
traffic and combustion, and PM10 with mostly natural sources (Seinfeld
and Pandis, 2016) are included in the analysis. Also nitrogen dioxide
(NO2), which is a pollutant co-emitted with primary particles from
gasoline vehicles and may act as aerosol precursor (Karjalainen et al.,
2016), is included in the analysis. In addition, we use observations of
ozone (O3) available from measurement station Kallio (1 km from the
urban curbside station). Ozone is an oxidizing agent involved in aerosol
formation dynamics and considered a pollutant in the urban boundary
layer (Seinfeld and Pandis, 2016).
The measurement data covers full years 2012–2019 and Januar
y–March from 2020, comprising a total of 72 312 hourly samples. Data
coverage for different variables is 89–100%. Statistics of the atmo
spheric measurement data applied in this study are presented in Table 1.
Further information on the air quality observations is available from
Helsinki Region Environmental Services Authority HSY (2020).
2.1.2. Meteorology
Meteorological data measured by the FMI and by the Helsinki Region
Environmental Services Authority is openly available through the portal
(https://en.ilmatieteenlaitos.fi/download-observations) of FMI (Hon
kola et al., 2013). From the network of measurement stations we chose
to focus on an urban station Kaisaniemi (60.18◦ N, 24.94◦ E) in central
Helsinki, close to the Mannerheimintie station, because of its compre
hensive data. The directly measured variables that we apply in the
analysis include air temperature, wind speed, wind direction, relative
humidity, sea level air pressure, precipitation, and global radiation.
Hourly average values are applied in the analysis. In addition to the
directly measured variables, we use the atmospheric mixing height and
the inverse of the Obukhov length (1/L) to represent atmospheric
2
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Table 1
Basic statistics of the atmospheric measurement data from Helsinki utilised in this study. Urban refers to the measurement location Mannerheimintie, except for O3,
which is measured at another urban station. Background refers to the remote measurement location Luukki. For the variable wind direction, circular mean and median
are shown. The temporal coverage of the data is 1/2012–3/2020, a total of 72 312 hourly samples.
3

Urban PM2.5 [μg/m ]
Urban PM10 [μg/m3]
Urban NO2 [μg/m3]
Urban O3 [μg/m3]
Background PM2.5 [μg/m3]
Background NO2 [μg/m3]
Temperature [◦ C]
Wind speed [m/s]
Wind direction [◦ ]
Relative humidity [%]
Air pressure [hPa]
Precipitation [mm]
Global radiation [W/m2]
Atmospheric stability [1/m]
Mixing height [m]

Mean

Median

Std

Min

Max

Kurtosis

Skewness

8.0
22.1
31.4
49.7
6.1
5.3
6.9
3.6
254.5
80.7
1012.5
0.1
112.7
0.020
494.3

6.7
17.9
27.3
50.6
4.9
3.1
6.0
3.4
250.4
87.0
1012.6
0.0
3.5
0.002
427.0

5.7
17.4
19.9
21.7
4.9
6.2
8.4
1.6
97.3
18.1
11.7
0.5
195.5
0.079
416.3

0.1
0.1
1.1
0.0
0.1
0.1
− 25.9
0.0
0.0
16.0
964.3
0.0
− 7.2
− 0.28
100.0

282.7
519.3
252.0
147.8
128.8
74.1
32.9
13.9
360.0
100.0
1055.6
30.8
915.7
0.66
6910.0

105.3
45.2
6.2
2.8
24.5
16.0
2.7
4.0
2.1
0.3
3.6
624.1
5.7
23.3
10.4

4.3
3.9
1.3
− 0.02
2.6
3.0
− 0.1
0.8
− 0.4
− 1.1
− 0.1
19.1
1.9
4.1
2.5

stability in the region. Those variables were computed based on
soundings and using a meteorological pre-processing model MPP-FMI
(Karppinen, 2001). Basic statistics of the meteorological data are pre
sented in Table 1.

2.2. Random Forest
Random Forest is a Machine Learning method first introduced by
Breiman (2001). It belongs to the category of ensemble learning.
Random Forests are used for predicting a class to which an input belongs
(classification) or for predicting an output based on different features
(regression). In this work, we apply the latter approach. The logic is to
construct an ensemble of decision trees that are trained to identify how a
selected feature, for example PM2.5 concentration, is dependent on other
features included in the input data. The ensemble of trees instead of just
one regression tree increases the accuracy of prediction. Each tree of the
forest is trained independently with a random subset of the input data,
which makes the trees de-correlated and suppresses overfitting.

2.1.3. Anthropogenic activity
As an indicator of anthropogenic activity and related emissions, we
use values representing the hourly, weekly, and monthly variation of
traffic volumes in Helsinki (Lilleberg and Hellman, 2015). The values
were derived from the output of traffic counts and traffic volumes
modelled for the streets of central Helsinki. We use hourly values that
were calculated as an average of traffic volumes assigned to the streets of
the city centre. Other anthropogenic activities producing emissions,
such as small-scale biomass burning, may be assumed to have seasonal
variation, which is indirectly represented by other seasonally varying
variables such as temperature. Furthermore, particle emissions from
traffic depend on ambient temperature (Wang et al., 2017).
As a case study of shifted anthropogenic activity, we look at Helsinki,
Finland, in March 2020, when the COVID-19 pandemic started to impact
urban mobility, commuting and population dynamics in the region.
According to Willberg et al. (2021), there was a rapid decline in mobility
from the second week of March onward, and commuting in Helsinki had
decreased by up to 30% by the end of the month compared to the
baseline level in the beginning of the month.

2.2.1. Random Forest model
In this work, we implement the RF model using an open-source Py
thon library scikit-learn (version 0.20.1) and an algorithm called Ran
domForestRegressor (Pedregosa et al., 2011). The RF model consists of an
ensemble of regression trees. Each regression tree uses a random sample
of the input data and splits it into branches, and after splitting multiple
times, it is able to give a prediction for the selected feature. With hun
dreds or thousands of regression trees, the RF model gradually learns the
importance of different input features for predicting the output feature.
We define the output feature predicted by the RF as:
C(m): R

2.1.4. Data standardization
In this work, we use diverse data presented above to train a Machine
Learning algorithm. For the algorithm training process, input variables
that are in different units and have different scales need to be stan
dardized (Hastie et al., 2009). For each observation of each variable, we
subtract the corresponding total mean value and divide the result by the
corresponding standard deviation. This procedure smooths the differ
ences between the magnitudes of different variables, while retaining the
ratios of variable amplitudes.
Our input data matrix consists of standardized hourly values of a
selected combination of variables referred to as features. An input vector
consists of feature values observed at an hour. Only input vectors with
values for all selected features are used in the analysis. This means that if
there is missing data for one feature, the whole vector for that hour is
omitted by the algorithm.

(1)

where C is the measured PM2.5 concentration that is dependent on input
features m including various meteorological variables (see Section 2.1).
The construction of a tree starts by selecting a random sample from
the input data and assigning it to the root node of a tree. At the root node,
all possible splits of the data sample with respect to a random subset of
features are tested, and the split that minimises the mean squared error
of the regression is chosen as the first split rule. Data values are
compared to the threshold value given by the rule, and based on the
comparison the samples are divided to two child nodes as demonstrated
in Fig. 1. Splitting with a new split rule then continues at each node. The
tree structure ends with a leaf node, i.e. a node with no more children. In
this way, the sequence of rules forms a binary tree structure that is able
to give a prediction for the output feature C based on a subset of input
features. This procedure is repeated until the predetermined number of
trees are trained. The full process is illustrated schematically in Fig. 2.

3
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tree. A more detailed description of the Random Forest training process
is given by Breiman (2001).
2.2.2. Feature Importance
For this study, determining the importance of different input features
for predicting the output feature is of central interest. We use RF to
gauge which of the considered meteorological and other features
dominate, contribute to or lack any significance for the variation of
PM2.5 concentration.
The Feature Importance can be estimated with a permutation tool
inherent to the RF implementation. The evaluation starts by obtaining a
baseline accuracy for the ensemble of trees, which means the correlation
between measured PM2.5 concentration and that predicted by the RF.
Then, the values of a single input feature are permuted, after which the
permuted input data samples are passed back through the RF and the
accuracy is recomputed. The difference between the baseline and the
reduced accuracy due to the permutation is given as % and denoted as
Feature Importance (FI). The sum of FI values of all considered features
equals 100%.
Different variables in atmospheric data are likely to intercorrelate.
When the input data contains multiple features that correlate, the FI
analysis can give low scores for such features individually. We test the
possible effects of multicollinearity on our analysis as follows: We
calculate Spearman’s Rank-Order Correlations for all different variable
pairs, perform hierarchical clustering on them, pick a threshold, and rerun the FI analysis with a single feature from each cluster below the
correlation threshold. If the accuracy of the RF model is unchanged
despite using fewer features, the set of input features comprises multi
collinear features and the permutation method is not reliable. In that
case, some other approach for FI analysis should be applied.

Fig. 1. A schematic illustration of an individual decision tree in the Random
Forest model, with examples of possible binary split rules.

2.3. Dimensionality reduction and clustering
To analyse and cluster multidimensional data of atmospheric
pollutant concentrations, meteorological parameters and other vari
ables, we apply a dimensionality reduction technique called SelfOrganizing Map (SOM). Reducing the dimensionality of the data al
lows us to include multiple features in the process of cluster identifica
tion. The purpose of clustering is to minimize the dissimilarity of data
samples within each group, while maximizing the dissimilarity between
different groups.
2.3.1. Self-Organizing Map
SOM is a form of competitive learning that is used for reducing data
dimensionality (Kohonen, 1995). Dimensionality reduction is done by
projecting multidimensional data non-linearly on a two-dimensional
display. The projection happens with so-called weight vectors that
indicate positions of neuron nodes with respect to the data. The data
forms an input space where vectors that are similar with respect to
different features are closer to each other. Training the SOM is an
adaptive process, during which a lattice of neurons gradually takes the
shape of the input space. After receiving input data, different neurons
specialize to represent different input types. This is enforced by a
competition between neurons. A neuron that best represents each input,
wins. It is then allowed to learn to become even more like the input. The
neighboring neurons also learn and gradually specialize to represent
similar inputs.
Let x = [x1,x2, …,xn] denote the input data consisting of n observa
tions of m-dimensional vectors (hourly observed input data comprising
m features), and let Wi = [wi1,wi2, …,wim] denote the m-dimensional
weight vector of neuron i. At time t, an input vector xt is presented to the
SOM. The training process involves passing the input data to the SOM for
a predetermined number of epochs. At each epoch, the Euclidean dis
tance di(t) from xt to Wi(t) is calculated, which is followed by finding the
node i = i* where the distance is minimized, according to

Fig. 2. A schematic illustration of applying Random Forest and Feature
Importance analysis.

Modifiable parameters in the RF model include n estimators, the number
of trees, max features, the maximum number of different input features
considered in a tree construction, and the minimum and maximum
depth (the shortest and longest path between root node and leaf node) of
each tree. The configuration of the RF is achieved with accuracy tests,
where the algorithm is run with varying configuration while monitoring
respective changes in accuracy. Our RF has default configuration of
1000 trees with maximum depth of 10 and with maximum 3 features in a
4
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winning neuron. The BMU and its neighboring nodes thus adapt to
better represent the input. The process is illustrated schematically in
Fig. 3.
A SOM preserves the topological properties of the input space
(Kohonen, 1982), as the SOM nodes organize to reflect the input data
space, where more similar samples are closer to each other. A visual
display of distances between the weight vectors Wi of nodes comprises a
so-called U-matrix (Unified Distance Matrix). It shows with colors where
the nodes are close to each other forming a cluster and where there is
distinct separation between clusters. A U-matrix can be used to visualize
any potential cluster structure in the multidimensional input data.
The SOM is first trained with a training data set. After training, the
SOM is used to analyse new input data by finding the corresponding
BMUs, which are the SOM nodes with weight vectors that have the
smallest distance to each new input data vector.

(2)

The node that has a weight vector with the smallest Euclidean dis
tance to the input is the winning node called the Best Matching Unit
(BMU). After determining the BMU, the weight vectors for nodes in its
neighbourhood get updated according to
Wi (t + 1) = Wi (t) + α(t)hi* i (t)[x(t) − Wi (t) ],

(3)

where α is the learning-rate (0 < α(t) < 1) that decreases monotonically
over time, and hi*i denotes the neighbourhood kernel function, which is
a decreasing function of time and of the distance of neurons from the

2.3.2. SOM implementation and validation
We use the algorithm implementation somoclu by Wittek et al.
(2017), which allows adjusting the number of neurons and training
epochs, and selecting either a random or specified initialization of the
weight vectors of neurons and clustering. For initialization, we apply the
Principal Component Analysis (PCA), which means that the initial
weights of nodes are chosen from the space of the first principal com
ponents. Compared to random initialization, the PCA initialization in
creases the reproducibility of results.
We first detect clusters visually via the generated U-matrices. For
more exact cluster detection we apply k-means clustering on the SOM
output. Clustering is sensitive to the selected input features. For
example, a combination of PM2.5 concentrations with traffic volumes
and ozone concentrations will cluster in a different way than PM2.5
combined with wind parameters. Furthermore, the number of clusters k
is specified as part of the initial configuration, and that choice is critical
to the resulting clustering.
For validating the clustering outcome and finding an optimal k for
interpreting the SOM, we apply a silhouette analysis (Rousseeuw, 1987).
Silhouette Score value s for node i is calculated as:
s(i) =

b(i) − a(i)
,
max{a(i), b(i)}

(4)

where a(i) is the mean of distances from node i to other nodes within the
same cluster, and b(i) is the mean of distances of node i to the nodes that
belong to the nearest cluster. The Silhouette Score for each cluster is
then calculated as the mean of silhouette values across all the nodes in
that cluster and is thus a measure of cohesion within a cluster compared
to the separation between clusters. It ranges from − 1 to 1. Positive s
refers to high cohesion within a cluster and high separation between
clusters, i.e. strong clustering, whereas negative s refers to poor
clustering.
The goodness of the predicted cluster to represent a new observation
is evaluated by calculating the root-mean-square error (RMSE) accord
ing to:
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
)
√ n (
√∑ Pj − Oj 2
RMSE = √
,
(5)
n
j=1
where Pj is the mean value of a feature in the benchmark group (the
predicted cluster or comparison period) and Oj is a new observation of
the corresponding feature. Each of the n observations is thus compared
to the cluster predicted for it or to the selected comparison period.
Expressed as in Equation (5), RMSE is in the units of the feature in
question. To obtain a dimensionless error metric that is comparable
between features, we apply the root-mean-square relative error
(RMSRE) defined as:

Fig. 3. A schematic illustration of the Self-Organizing Map, the process of
adaptation when given an input data vector, the output after training the SOM
with full input data for a pre-determined number of iterations, and the trained
SOM with clustering indicated by colored nodes.
5
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√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
√ n (
)
√1 ∑ Pj− Oj 2
RMSRE = √
,
n j=1
O

clusters in U-matrices resulting from different SOM configurations. In
our analysis, the amount of neurons is varied in the range from 25 (a grid
of 5 × 5 nodes) to 2500 (a grid of 50 × 50 nodes). The amount of iter
ations is varied from 500 to 2000. The number of clusters is varied in the
range from 5 to 100. The selection of input features is varied by leaving
out features with the lowest FI values one by one yielding different
feature combinations. Both Silhouette Score and feature-specific RMSE
values for the clustering achieved with each variation of the SOM
configuration are calculated in order to find the configuration that op
timizes the clustering achieved by training the SOM and the goodness of
the predicted clusters to represent new observations.

(6)

where O is the average of new observations. For RMSE and RMSRE, we
seek to minimize their values that indicate deviation between the new
data being analysed and the benchmark (the predicted cluster or com
parison period). Referring to the results of the FI analysis (process
described in Section 2.2.2), the features identified to have higher rela
tive importance for the PM2.5 measured at the urban station are priori
tized when considering feature-specific error values for evaluating the
compatibility of the benchmark.
In addition to the error metrics, we calculate a metric describing the
agreement between the observations and their predicted clusters. The
refined formulation of Willmott’s Index of Agreement (dr, Willmott
et al., 2012) is expressed as
∑n ⃒
⃒
⃒Pj − Oj ⃒
⎧
j=1
⎪
∑
1
−
⃒
⃒, when
⎪
n
⎪
⎪
2 j=1 ⃒Oj − O⃒
⎪
⎪
⎪
⎪
⎪
⎪
⎪
n ⃒
n ⃒
∑
∑
⎪
⃒
⃒
⎪
⎪
⃒Pj − Oj ⃒ ≤ 2
⃒Oj − O⃒
⎪
⎪
⎪
⎨ j=1
j=1
dr =
(7)
∑n ⃒
⃒
⎪
⎪
2 j=1 ⃒Oj − O⃒
⎪
⎪
⎪
⎪
∑n ⃒
⃒ − 1, when
⎪
⎪
⃒Pj − Oj ⃒
⎪
⎪
j=1
⎪
⎪
⎪
⎪
⎪
n
n ⃒
⎪
∑
⃒
⃒
⎪
⎩ ∑⃒⃒
⃒Oj − O⃒
Pj − Oj ⃒ > 2
j=1

3. Results
3.1. Random Forest analysis of Feature Importance
The importance of various features to the varying levels of measured
PM2.5 at the urban and background stations, and their difference, was
investigated with the RF algorithm in terms of the quantity FI defined in
Section 2.2.2. We considered two combinations of variables: “All fea
tures”, including meteorology, traffic volumes and measured PM2.5,
PM10 NO2 and O3 data, and “Ambient conditions”, excluding the con
centration data in order to highlight the relative importance of different
meteorological variables and indicators of anthropogenic activity.
The evaluated FI values of the considered features are listed in
Table 2. For each feature, the FI with respect to PM2.5 is indicated for
both the urban and the background stations, and for both variable
combinations “All features” and “Ambient conditions”. In addition, the
FI of different features for the difference PM2.5(urban)-PM2.5(back
ground) is listed. For each of the six cases, the three most important
features, in terms of the highest evaluated FI, are highlighted in bold.
Particle concentrations at the urban and background station corre
late, which is shown by the FI that is high reciprocally. The background
level of NO2 is also among the 3 most important features for the varia
tion of PM2.5. Regarding the variable combination “Ambient condi
tions”, wind direction is the dominant feature, followed by seasonally
varying ambient temperature, for both urban and background PM2.5.
The difference between urban and background PM2.5 levels, however, is
predominantly controlled by atmospheric stability. The importance of
precipitation for the PM2.5 concentration and its variation is minimal
based on the FI value, indicating that rain scavenging as a removal
process is not a significant factor.
The difference of urban and background PM2.5 concentrations is used

j=1

The index dr varies between − 1 and 1. In this study, we compare
observations to either historical observations (‘calendar-based method’)
or a cluster predicted by the SOM. The index helps to determine whether
the calendar-based method or the SOM prediction yields a more
compatible comparison group for the new observations. Higher positive
values of dr indicate better compatibility. We calculate dr separately for
different features and as total average.
The tendency of the multidimensional input data (introduced in
Section 2.1) to form clusters based on similarity is investigated by
varying the SOM configuration (the number of neurons, the selected
input variables, the amount of iterations), clustering the SOM output
with varying k by k-means clustering, and calculating the Silhouette
Score for the clusters. In addition, we explore the U-matrices visually to
identify any grouping structures, and compare the prominence of

Table 2
Feature Importance values [%] for urban PM2.5, background PM2.5 and their difference, based on a trained RF. Two variable combinations were analysed: “All features”
that includes the pollution concentration data, and “Ambient conditions” that excludes them. The three features with the highest FI values for each case are highlighted
with bold.
Urban PM2.5
Urban PM2.5
Background PM2.5
Urban PM10
Urban NO2
Background NO2
Urban background O3
Wind direction
Wind speed
Temperature
Global radiation
Atmospheric stability
Sea-level air pressure
Relative humidity
Precipitation
Mixing height
Hour
Month
Traffic volume indicator

Background PM2.5

Difference (urban - background PM2.5)

All features

Ambient conditions

All features

Ambient conditions

All features

Ambient conditions

–
33.3
28.3
5.5
6.6
2.7
4.5
1.4
2.7
1.3
1.9
2.3
2.7
0.1
1.2
1.3
1.8
1.3

–
–
–
–
–
–
26.0
8.3
16.2
4.6
9.2
11.7
5.3
0.4
4.8
3.2
6.7
3.8

45.8
–
11.5
2.6
9.9
2.7
5.2
1.3
4.2
2.2
2.3
3.1
2.5
0.1
1.8
2.1
1.7
1.3

–
–
–
–
–
–
24.7
5.4
16.4
6.5
6.5
12.1
6.6
0.4
5.7
4.8
7.2
3.7

39.3
22.2
13.0
4.0
1.9
2.7
1.8
1.1
2.3
1.6
2.0
1.3
1.9
0.06
1.0
2.0
1.0
1.3

–
–
–
–
–
–
12.8
8.0
12.1
9.0
15.0
8.7
8.4
0.4
6.2
8.2
5.2
6.1
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as a measure of the anthropogenic contribution to the urban concen
tration. According to the FI values, hourly varying traffic volumes is a
slightly more important feature for the difference than for either urban
or background concentrations separately. Considering that traffic is the
most significant local source of PM2.5 in Helsinki (Aarnio et al., 2016), it
could be expected to have one of the 3 highest FI values for the differ
ence of urban and background PM2.5, but it does not. The high FI values
of temperature are interpreted to represent the seasonally varying at
mospheric conditions, but also to be a proxy for biogenic aerosols and
seasonally varying human activities, as the need for heating in a Nordic
city correlates with temperature and there is seasonal variation in
small-scale biomass burning. The high FI of atmospheric stability could
be explained by vertical mixing being an important feature controlling
the dilution of locally emitted particles. The highest PM2.5 concentra
tions are expected to occur in situations with very stable conditions
(large 1/L) values) and suppressed mixing, whereas efficient mixing
during unstable conditions dilutes the concentrations even in situations
with higher emissions.
The atmospheric dispersion of a pollutant concentration in time and
space is a function of wind components and eddy diffusivities (Seinfeld
and Pandis, 2016). The vertical eddy diffusion coefficient is based on
Monin-Obukhov similarity theory, and is thus a function of Obukhov
length L. Results of high-resolution simulations in an urban setting
(Kurppa et al., 2020; Li et al., 2016) also stress the role of upper-level
wind speed and atmospheric stability in governing the absolute air
pollutant concentrations at street-level. The FI analysis based on 8 years
of measurement data (Table 2) highlights air pressure, wind speed and
atmospheric stability as relatively important, but less important than
wind direction and temperature for the locally measured PM2.5 levels.
To test the potential effects of multicollinearity in our data, we
applied the method described in Section 2.2.2. The correlation pairs that
were analysed are depicted in the Supplemental Information, Figure S1.
Consequently, we re-created the RF by leaving out the following vari
ables: mixing height (correlating with global radiation), ozone concen
tration and month (correlating with temperature), relative humidity
(correlating with 1/L), and traffic (correlating with hour). Running the
RF with fewer variables resulted in no changes in the relative order of
variables in the FI ranking, but reduced the accuracy of the RF regressor
by 14%. We concluded that it is justified to include all the variables in
the process of training the RF, and that multicollinearity is not distorting
the FI ranking.
The Feature Importance values (Table 2) were used to guide the
selection of variables for the SOM analysis so that features with low FI
values were more likely to be left out in order to improve the clustering
result. In addition, features with relatively high FI values were empha
sized when comparing the RMSE, RMSRE and dr values to analyse the
accuracy of the predicted clusters.

Figure S2. However, comparing the clustering accuracy of a 30 × 30 and
a 50 × 50 SOM (Table S1) reveals that the smaller amount of nodes
yields a slightly better result in terms of smaller calculated RMSE values
for most features of the new observations and their predicted clusters.
While the computational cost increases non-linearly when the amount of
trained neurons increases, we chose to conduct the analysis with a SOM
including 30 × 30 nodes. Increasing the number of iterations from 500
to 1000 improved the clustering, but increasing it further to 1500 and
2000 decreased the Silhouette Scores. We therefore set the amount of
iterations to 1000.
Regarding the selection for the number of clusters, the Silhouette
Score was used as a metric of how distinguishable the clusters are with
varying k, while the RMSE values for new observations and their pre
dicted clusters were calculated to indicate how compatible the cluster is
to represent the observation. The overall average Silhouette Score de
creases when k increases, as depicted in Figure S3. However, for most
features a better compatibility between new observations and their
predicted clusters is achieved when using a higher number of clusters, as
shown in Figure S4. As a result, we set the number of clusters at k = 30.
As depicted in Figure S5, the clustering is balanced in terms of cluster
size and cluster-specific Silhouette Score values. Yet, each cluster also
includes a small fraction of observations with poor compatibility
(negative Silhouette Score) to that cluster.
Fig. 4 presents the Component Planes for different input features. Each
Component Plane shows how the values of a feature are distributed
across the SOM output. We observe that high values of PM2.5 and NO2
measured at both stations (Fig. 4a–d) occur in the same regions of the
plane. High values for atmospheric stability (Fig. 4f) co-occur with low
wind speeds (Fig. 4g), high pressure (Fig. 4j) and high pollution levels.
Partly matching plane patterns are also observed for ozone concentra
tion and temperature (Fig. 4e and i). North-western wind directions
(Fig. 4h) are associated with low particle concentrations. High traffic
volumes (Fig. 4l) partly overlap with the plane regions that are associ
ated with higher than average urban PM2.5 (Fig. 4c), but the highest
concentrations are located in the same regions of the SOM output as
relatively low traffic volumes.
The SOM output and its clustering look different when different
input features are applied in the training process. Starting with input
data consisting of “Ambient Conditions” features and the background
pollution data (PM2.5 and NO2 measured at Luukki, background O3), and
leaving out variables one by one, we observed that the total average
Silhouette Score varies between 0.10 and 0.14 for a SOM configured
with 30 × 30 nodes and k = 30. While varying the combination of
features, we observed some differences in the compatibility between the
new data and the cluster predicted for it by the SOM (Figure S6).
Background PM2.5 and wind direction have high FI, which is why we
focused especially on their RMSE. Based on these metrics, our final
feature combination included the Background PM2.5, hour-of-day and
meteorological variables that had FI>8% (referring to column “Ambient
conditions” for Urban PM2.5 in Table 2). With these final features
selected for the SOM, the accuracy of the Random Forest predictor was
0.62. The final SOM output, the U-matrix, is depicted in Figure S6. The
SOM training process included 59 748 out of the 70 127 hourly input
vectors for 2012–2019 and 24 763 out of the 26 278 hourly input vectors
when training the SOM with data covering years 2017–2019.
After the SOM was trained, it was used to determine the BMUs and
corresponding clusters for new data. Since we want to establish the
possibility to use the SOM analysis for detecting change in the urban
system, we conducted a case study using data from March 2020, which is
associated with a rapid shift to exceptional anthropogenic activity,
especially reduced mobility, as a response to the outbreak of COVID-19
epidemic. According to the new data (1.-31.3.2020), the average con
centrations of PM2.5 and NO2 at the urban station were 6.76 μg/m3 and
17.2 μg/m3 respectively. Each new observation from March 2020 was
assigned to a predicted cluster as a result of the competitive neuron
learning process. The majority of the new data belongs to 7 clusters out

3.2. SOM analysis for detecting change in urban air pollutant
concentrations
The goal with creating a SOM and clustering its output is to group the
multidimensional input data based on similarity with respect to various
variables. The trained SOM is able to predict the cluster for new ob
servations based on the features that were selected for training. The
predicted cluster is then used as the comparison group when analysing
potential changes in other features during the period of the new data
compared to historical data.
With the process described in Section 2.3.2, we varied the SOM
configuration and input features in order to optimize the clustering and
the ability of the SOM to predict clusters for the new data. The evolution
of both applied metrics, Silhouette Score and RMSE, during the process
of varying the SOM configuration is presented in the Supplemental
Information.
Increasing the size of the SOM, i.e. the number of nodes, increases the
Silhouette Score and decreases the BMU specific RMSE as observed in
7
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Fig. 4. Component planes a-l show the arrangement of data across the SOM output for each feature: a) background PM2.5 [μg/m3], b) background NO2 [μg/m3], c)
urban PM2.5 [μg/m3], d) urban NO2 [μg/m3], e) urban O3 [μg/m3], f) atmospheric stability [1/m], g) wind speed [m/s], h) wind direction [◦], i) ambient temperature
[◦C], j) ambient air pressure (sea level) [hPa], k) relative humidity [%], l) traffic volumes [-].

of the total of 30 clusters. Those predicted clusters were then used as a
benchmark for the corresponding observations. We compared the PM2.5,
NO2 and O3 concentrations measured during March 2020 with average
concentrations in the clusters predicted by the SOM. For PM2.5, the new
observations were 0.7% lower than in the SOM prediction. With Stu
dent’s t-test, this indicates a statistically significant (t(727) = -2.27, p =
0.02)) decrease in the urban concentration. For NO2, the concentration
during March 2020 was 32.8% below the mean concentration of the
comparison period. This indicates a statistically significant decrease (t
(742) = -18.8, p < 0.001) in urban NO2 level. For O3, a statistically
significant (t(740) = 12.4, p < 0.001) increase of 17.3% was observed.
The change that was observed with the SOM analysis was compared
with the results from traditional monthly analysis (Fig. 5). For the month
of March in 2017–2019, the average levels of PM2.5 and NO2 were 6.88
μg/m3 and 27.4 μg/m3. As a relative change, the calendar-based com
parison indicated a reduction of 1.7% and 37% in PM2.5 and NO2
respectively, between the 3-year monthly average and March 2020. For
PM2.5 and NO2, both the SOM analysis and the monthly comparison
yielded similar results, but the observed decrease in concentrations was
smaller when using the comparison period predicted by the SOM. For
O3, the calendar-based analysis indicated a small decrease, − 4.0%,
whereas the SOM analysis indicated an increase (+17%), which means
that the conditions during the new period, March 2020, would have
implied clearly lower concentrations than those observed.
Considering non-linear atmospheric chemistry, the change observed

Fig. 5. Change [%] in PM2.5, NO2 and O3 concentrations during March 2020,
when the benchmark is either calendar-based (March 2017–2019) or predicted
by the SOM.
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in O3 with the SOM-based analysis is in line with the observed change in
NO2, because decreasing local NO2 implies a decreased sink for O3 and
thus possibly higher concentrations (Seinfeld and Pandis, 2016). More
O3 implies more oxidizing capacity and thus possibly increased aerosol
growth rate and SA formation (e.g. Kanakidou et al., 2005). These may
be reflected as the smaller reduction in PM2.5 levels compared to the
reduction in NO2, which was evident in the calendar-based change
analysis, but even more prominent and supported by the increased O3 in
the SOM analysis. Enhanced secondary pollution has been observed to
offset the reduction of primary emissions of PM2.5 e.g. in China (Huang
et al., 2020), Italy and Switzerland (Ciarelli et al., 2021) during
COVID-19 related lockdowns in spring 2020.
Using a multi-step approach with a Random Forest and a SelfOrganizing Map to analyse change in concentrations is only advanta
geous, if it can yield a benchmark that is a better fit than a calendarbased comparison period from the perspective of multidimensional
data relevant for the pollutant concentration. Compatibility between the
analysed period and the benchmark was evaluated by calculating and
comparing statistical indicators of agreement and deviation (Willmott’s
refined Index of Agreement dr and RMSRE) for different features and
using different comparison periods. As can be seen in Table 3, both
metrics indicate better agreement between observations and the SOM
prediction than between observations and data for the same month
historically. Overall average dr was 0.42 for observations and the
calendar-based comparison, and 0.59 for observations and the SOM
prediction. RMSRE averaged over all features was 43% for the calendarbased comparison and 24% for the SOM prediction.
The results of both our SOM analysis and a traditional calendarbased comparison showed that a change had occurred in the urban
system and that it was reflected in the air pollution levels. The benefit of
using a SOM instead of a traditional monthly comparison lies in the use
of multidimensional input data, which means that several variables
describing the local conditions and affecting the variability of air
pollution are taken into account in the analysis. This means that rather
than gauging the change of concentrations during time periods selected
based on calendar, we were able to compare situations with similar
characteristics and overall compatibility described by a multidimen
sional data combination.

purpose of dimensionality reduction: it projects a multidimensional data
(in this study, various variables selected based on importance identified
with RF) on a two-dimensional display, which makes it possible to detect
multivariate clusters. As a consequence, the SOM enables an air pollu
tion analysis without losing connection to various variables that char
acterize the varying local conditions.
A SOM trained with historical data was able to predict a benchmark
for new observations that was more compatible than data for the same
month from previous years. The competitive learning approach ensures
similarity with respect to various variables, whereas an analysis bound
to calendar dates may only do so by chance. We demonstrated that the
benchmark found with the SOM analysis was associated with 41%
higher Index of Agreement values, on average, and 19 percentage points
lower average RMSRE than a comparison period selected based on cal
endar. We thus concluded that it was justified to analyse changes in
atmospheric pollution with the proposed Machine Learning approach.
With the SOM analysis, we observed a statistically significant decrease
in PM2.5 and NO2 concentrations, and an increase in O3 concentration for
an urban station in Helsinki, when comparing observations from March
2020 to a benchmark predicted by the SOM. The numbers differ from the
results of a calendar-based change analysis (i.e. comparing data from one
month to the same month in previous years): The SOM analysis produced a
smaller reduction in PM2.5 (− 0.7% instead of 1.7%) and in NO2 (− 33%
instead of − 37%), and an increase (+17%) instead of decrease (− 0.7%) in
O3. Similarly to some other studies investigating air pollution after the start
of COVID-19 pandemic with shifted anthropogenic activity (Kroll et al.,
2020; Gaubert et al., 2021; Ciarelli et al., 2021), we conclude that reduced
NO2 concentrations may co-occur with increased ozone levels and
oxidizing capacity in the urban boundary layer, which potentially enhance
the formation of secondary pollution. It may offset the reductions in pri
mary emissions of fine particles and be reflected as the smaller reduction in
PM2.5 levels compared to the reduction in NO2. This was partly evident in
the calendar-based change analysis, but even more prominent and sup
ported by the increased O3 level when using the SOM prediction as
benchmark.
Contrary to a conventional analysis of monthly averages of air
pollution concentrations, the RF and SOM analysis can include multi
dimensional source data, describe different features in relation to each
other and quantify the relative importance of various features for the
observed pollution levels. The RF and SOM approach is therefore able to
encompass more of the complexity that is inherent to changes in the
urban environment and atmospheric processes. In general, we do not
suggest that competitive learning and unsupervised clustering should
replace the analysis of, for example, monthly trends, but it can be
applied alongside conventional analyses to gain additional insight into
the factors governing the evolution of air pollution. Instead of SOM, also
other dimensionality reduction tools such as Uniform Manifold
Approximation and Projection (McInnes et al., 2018) could be used.
According to multilinear regression analyses by Tai et al. (2010), daily
variation in meteorology can explain up to 50% of PM2.5 variability. It is
therefore desirable to be able to retain connection to as many meteoro
logical variables as possible, when analysing concentration changes.
Determining the SOM configuration and selecting the input features care
fully is essential for achieving meaningful results with the analysis. If, for
example, the obtained clustering is too coarse, new information compared

4. Discussion and conclusions
We have demonstrated a novel approach for detecting change in
urban air pollution concentrations after a shift has occurred in anthro
pogenic activities and related emissions. We applied ensemble learning,
competitive learning and unsupervised clustering in the form of Random
Forest and Self-Organizing Map, and sought to address an issue that is
common for change analyses: excluding meteorological and other
sources of variability in pollutant concentrations, in order to reveal the
true impact of changed emissions.
Based on our results, a combination of Random Forest and SelfOrganizing Map can be used for analysing changes, and may offer new
insights to the analysis of urban air composition in general. Investigating
the importance of different features with RF gives a useful overview of
the data at hand, helps to understand the site-specific properties and
guides the selection of variables for further analysis. The SOM serves the

Table 3
Statistical indicators of agreement (dr) and error (RMSRE) for a selection of features (measurement data for March 2020) with a benchmark selected based on calendar
(March in 2017–2019) or predicted with the SOM. Relatively higher values of dr and lower values of RMSRE indicate better compatibility between observations and
their benchmark.
Statistical indicator

Benchmark

Background PM2.5

Wind direction

Wind speed

Temperature

Atmospheric stability

Air pressure

dr [-]

Calendar-based
SOM prediction
Calendar-based
SOM prediction

0.50
0.60
17.2
10.6

0.41
0.59
22.0
19.9

0.50
0.63
88.8
43.0

0.09
0.29
120.8
65.2

0.48
0.82
10.0
4.8

0.47
0.66
1.53
1.02

RMSRE [%]
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Appendix A. Supplementary data

to a traditional calendar-based analysis may not be obtained. It is also
important for the configuration to remain sensitive to relatively small
changes in the system (i.e. in PM2.5 or other air pollution concentrations,
induced by changes in anthropogenic activity). That means optimizing the
size of the neural network, parameters for clustering and input variables so
that the SOM prediction has enough cohesion and details for a small change
to be detected. For the specific data analysed in this work, we observed that
omitting a few variables from the input vectors improved clusterability and
refined the results. Furthermore, it is important to carefully select the data
period used for SOM training. The longer the period, the more variability it
captures for all the different features. The period may also include trends in
pollutant levels due to many reasons. This has to be considered when
interpreting the results of the change analysis.
We acknowledge that the analysed change in air pollution during the
first weeks of restricted activity in Helsinki, Finland, due to the COVID19 pandemic in March 2020 was likely larger and quicker than what
could be anticipated from e.g. infrastructure-, sanction- or incentivedriven shifts in urban mobility. In order to analyse such anticipated
smaller changes in air pollution, the SOM configuration might have to be
re-tailored. A significant implication of our SOM analysis for decision
makers is, however, that by identifying a more representative compar
ison period, we were able to identify changes more reliably, which
would translate into better capability to infer the impacts of changes in
anthropogenic activity. Furthermore, by retaining a connection of target
air pollution variables to a wider set of environmental parameters, the
assessed changes may be considered more robustly attributed to a new
policy or other measures taken. Not having this connection obscures the
identification of effective measures for decreasing urban air pollution.
For future research, we suggest applying the approach for a more
complex urban setting associated with high pollution levels with local
sources, and where specific measures to reduce emissions have been
deployed. It would also be desirable to test a wider variety of possible
input variables. For example, including atmospheric back trajectories,
data describing new particle formation events, aerosol number con
centrations, aerosol size distribution data, the variation of gasoline price
or indicators for small-scale combustion activities could yield a more
refined analysis, lead to increased understanding of the key drivers of
change in air pollution for different urban conditions, and thus produce
new insights to the complex urban environment.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.apr.2022.101393.
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Willberg, E., Järv, O., Väisänen, T., Toivonen, T., 2021. Escaping from cities during the
COVID-19 crisis: using mobile phone data to trace mobility in Finland. ISPRS Int. J.
Geo-Inf. 10 https://doi.org/10.3390/ijgi10020103.
Willmott, C.J., Robeson, S.M., Matsuura, K., 2012. A refined index of model
performance. Int. J. Climatol. 32, 2088–2094. https://doi.org/10.1002/joc.2419.
Wittek, P., Chao Gao, S., Soo Lim, I., Zhao, L., 2017. Somoclu: an efficient parallel library
for self-organizing maps. J. Stat. Software 78, 1–21. https://doi.org/10.18637/jss.
v078.i09.
Wu, D., Lary, D.J., Zewdie, G.K., Liu, X., 2019. Using machine learning to understand the
temporal morphology of the PM2.5 annual cycle in East Asia. Environ. Monit. Assess.
191, 272. https://doi.org/10.1007/s10661-019-7424-1.
Wu, D., Zewdie, G.K., Liu, X., Kneen, M.A., Lary, D.J., 2017. Insights into the morphology
of the East Asia PM2.5 annual cycle provided by machine learning. Environ. Health
Insights 11. https://doi.org/10.1177/1178630217699611.
Zhang, G., Rui, X., Fan, Y., 2018. Critical review of methods to estimate PM2.5
concentrations within specified research region. ISPRS Int. J. Geo-Inf. 7, 368.
https://doi.org/10.3390/ijgi7090368.

11

