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Department of Mechanical Engineering, Universitat Rovira i Virgili, Av. Päısos Catalans 26, 43007 Tarragona, Spain   
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A B S T R A C T   

Classical pollutant dispersion models, based on the numerical resolution of some approximate 
form of the momentum, energy and chemical species conservation equations, are usually limited 
by incomplete descriptions of the atmospheric boundary layer hydrodynamics, partial charac
terizations of the emission inventories and, often, high computational costs. Using the metro
politan area of Barcelona as benchmark, the Machine Learning aproach presented here alleviates 
these limitations providing very accurate local predictions of key pollutant concentrations. 
Originating mostly from Open Data sources, time-series data on road, maritime and air traffic 
along with meteorological records from October 2017 to June 2021, have allowed, by means of 
Machine Learning techniques, to create a model capable of estimating the individual contribu
tions of each mode of transport to worsened Air Quality. Also, when used to investigate the 
impact of recently implemented mitigation measures, model results predict a reduction of 
approximately 8 μg⋅m− 3 for CO and NOx. In contrast, O3, PM10 and SO2 are found to be unaf
fected. The COVID-19 lockdown provided an accidental opportunity to improve the model’s 
robustness and predictive capability through unusually low emission rates from transportation.   

1. Introduction 

Urban air pollution, mostly originated from combustion sources, has been shown to harm humans causing a wide spectrum of 
health effects ranging from eye irritation to death (Cohen et al., 2006; Maynard, 2009; Liang and Gong, 2020; B, 2010; Cohen et al., 
2017). Globally, fossil fuel-based transort is estimated to be responsible for more than 50% of the NOx emissions, of which road traffic, 
shipping and aviation account for 51%, 27% and 11% respectively (European Environment Agency, 2021). Despite the gradual 
implementation of environmental policies and measures aimed at reducing their impact, airborne pollutants are still behind a sig
nificant number of premature deaths even in the locations with the most restrictive regulations (Khomenko et al., 2021). Despite 
differences in Air Quality standards between different countries and regions, the local concentration of key pollutants in the urban 
canopy is a central metric in evaluating how healthy is the air we breath (World Health Organization, 2021). 

In this context, understanding the physical and chemical processes responsible for the transport and dispersion of pollutants is 
crucial to assess the effectiveness of any action aimed at improving the air quality by, for example, restricting traffic in central city 
districts or providing incentives for the electrification of the automobile fleet. Predicting the local pollutant concentration in urban 
areas is, however, challenging due to the relatively wide range of spatial and temporal scales over which transport may occur. Thus, a 
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mechanistic model for pollutant dispersion in urban environments has to take into account the local turbulent hydrodynamics of the 
atmosphere which, in turn, will depend on the urban ground topology and the surface heat budget among others. In addition, this 
model will also need a detailed pollutant inventory and emission rates of the different relevant chemical species from all sort of sources 
including the mobile ones and the chemical transformation and deposition they may undergo (Li et al., 2021; Lateb et al., 2016; 
Sachdeva and Baksi, 2018). 

From the physics point of view, the transport of a chemical species i, e.g., an airborne pollutant, is governed by the convection- 
diffusion-reaction equation, 

∂ρYi

∂t
+∇ ⋅ (ρ u→Yi) = − ∇Ji

→
+Ri + Si (1)  

where ρ is the density of the fluid mixture, t is time, u→ is the velocity field of the fluid mixture, Yi is the mass fraction of chemical 
species i, Ri accounts for any generation/consumption of i due to chemical reaction and Si represents any other source/sink of i. In most 
air pollution applications, the fluid is assumed incompressible and Si is used to account for pollutant source emissions, surface 
deposition and any physicochemical processes other than reaction. Given the highly turbulent nature of the atmospheric air currents, 
the convective contribution to the overall transport of i is usually many orders of magnitude larger than that due to diffusive effects. 

Exact solutions of Eq. (1) are often infeasible due to the impossibility of accessing (1) the turbulent field of instantaneous velocity 
u→( x→, t) and (2) the precise inventory of pollutant emissions accounted for in the Si term. 

Different strategies to obtain approximate solutions to Eq. (1) have been developed over the years. For instance, Gaussian 
Dispersion Models provide time-averaged concentration fields by assuming constant wind velocity and direction and parametrizing the 
turbulent transport contribution (Gifford, 1976; Pasquill, 1976). As computational capabilities increased, modern approaches relied on 
the numerical solution of Partial Differential Equations (PDEs) that usually involve the spatial and temporal discretization of Eq. (1). In 
this context, the use of progressively finer grids that concentrate the resolution over the region of interest, data assimilation meth
odologies and other specific developments have enabled to address the complex multiscale nature of the problem of pollutant 
dispersion in urban areas and improve predictive capabilities (see for instance (Beevers et al., 2013; Munir et al., 2020)). State-of-the- 
art operational mesoscale air quality forecast systems often combine specific modules for meteorology, atmospheric chemistry, urban 
topology and pollutant emissions inventory to bridge the various physical aspects that govern the airborne transport of hazardous 
species. For instance, CALIOPE-Urban (Benavides et al., 2019), used to investigate pollutant dispersion in the city of Barcelona, in
tegrates several packages including HERMES for emission inventory (Guevara et al., 2013; Guevara et al., 2019), the WRF numerical 
weather prediction system (Skamarock and Klemp, 2006; Powers et al., 2017) and CMAQ Multiscale Air Quality Modeling System 
(Byun and Schere, 2006; Eder and Yu, 2006) coupled with the urban roadway dispersion model R-LINE (Snyder et al., 2013). 

This and the vast majority of other physics-based models that rely on solving the transport equations are, however, often limited by 
(1) the lack of accurate pollutant inventories and (2) potentially large computational resources. In a context of rapid penetration of 
Machine Learning (ML) and Artificial Intelligence (AI) techniques in practically all areas of knowledge, their use in pollutant dispersion 
applications has demonstrated their ability to alleviate these limitations. On the one hand, these tools can exploit pollutant concen
tration and meteorology data sets that are usually publicly available, albeit with varying degrees of spatial and temporal resolution. On 
the other hand, although model training can be computationally intensive, their cost for prediction purposes is usually significantly 
cheaper than that associated with solving PDEs (Li et al., 2020a; Lu et al., 2021). In the recent years, ML and AI have been used in the 
development of Air Quality predictive tools for densely populated areas (Lu and Wang, 2005; Russo et al., 2013; Garcia Nieto et al., 
2013; Singh et al., 2013), investigate the impact of Air Pollution on the incidence of respiratory diseases (Polezer et al., 2018) and 
assess the effects of COVID-19 lockdown on local pollutant levels (Rybarczyk and Zalakeviciute, 2021; Guevara et al., 2021). Since 
then, the use of these techniques to improve our understanding of urban air pollution has not ceased (Masih, 2019; Gómez et al., 2020). 
For an updated although not exhaustive list of previous works see Kumar and Pande (Kumar and Pande, 2022). 

Among the type of learners, Support Vector Regression (SVR) and Long Short-Term Memory (LSTM) methods have been widely 
used to predict different Air Quality metrics using historical data from relatively long time series (Kumar and Pande, 2022; Yang et al., 
2018; Ma et al., 2019; Liu et al., 2017; Dun et al., 2020; Castelli et al., 2020; Chau et al., 2022). For instance, Castelli et al. (Castelli 
et al., 2020) used ML techniques to forecast concentration levels of selected pollutants and Air Quality Index (AQI) in California using 
time-series statistics (roll mean and lag) along with meteorological data. 

Previous works can also be categorized based on the type of predicted response. Thus, models can either be used to predict pollutant 
concentration levels (regression) (Chau et al., 2022; Fabregat et al., 2021) or classify the AQI into a given category (classification) 
(Castelli et al., 2020; Kleine Deters et al., 2017). 

Differences between models stem also from the number and type of predictors. In some cases the response is predicted using only 
previous values from time series of, for instance, pollutant concentration recorded by measuring stations (Dun et al., 2020; Zalake
viciute et al., 2020). On the other hand, models may use meteorology and other predictors to elucidate the dependency of the response 
upon them (Chau et al., 2022; Kleine Deters et al., 2017; Simic et al., 2020). As an example, Šimić et al. (Simic et al., 2020) combined 
meteorological features and daily pollutant concentration samples in the center of Zagreb (Croatia) over the time span of three years to 
assess the capacity of several ML learners to predict the daily concentration of PM10, NO2, elementary and organic carbon. Additional 
predictors have been included to better capture the response variability due to mobility patterns. For example, Arnaudo et al. (Arnaudo 
et al., 2020) included traffic data derived from the passage of vehicles recorded from fixed video cameras in a belt surrounding the city 
of Milan. 

The COVID-19 pandemic lockdown responsible for a significant reduction of mobility and therefore transportation emissions have 
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been identified as an opportunity to improve the model robustness by training the models with unusually low traffic intensities. For 
example, Lovric et al. (Lovric et al., 2021) used ML techniques to estimate the impact of COVID-19 lockdown on the air pollution levels 
in Graz (Austria) by considering the road traffic intensity as a feature along with meteorological data. Other efforts directed at 
improving the predictor quality were aimed at increasing the spatial resolution of concentration records by means of mobile pollutant 
measuring stations (Song et al., 2021; Zhao et al., 2021). 

Fabregat et al. (Fabregat et al., 2021) used Machine Learning techniques to build a model capable of accurately predicting the local 
pollutant levels in the metropolitan area of Barcelona using historical data on meteorology and traffic intensity between October 2017 
to March 2020. The predictive capability of the model, used to estimate the impact associated with cruise ship activity in the city Port, 
suggested that Machine Learning approaches are a viable alternative to physics-based models and allow to estimate the individual 
impact of different predictors on air quality using public and readily available data with very modest computational resources. 

Using again the city of Barcelona as benchmark, the goal of the present work is to improve the original model developed by 
Fabregat et al. (Fabregat et al., 2021) and use it to (i) estimate the individual contributions of each transportation mode (road, air and 
maritime) to increased pollutant concentration and (ii) to assess the effectiveness of recently implemented mitigation measures (Low 
Emission Zone or LEZ) aimed at improving the Air Quality in Barcelona (Benavides et al., 2020; Departament d’Avaluació i Gestió 
Ambiental, 2022). 

In comparison to the analysis in Fabregat et al. (Fabregat et al., 2021), the predictor set in the present work has been extended with 
additional variables that may potentially contribute to better explain the pollutant concentration variability. First, we included a 
background PM10 concentration feature that is expected to capture non-local contributions to the particulate matter levels due to 
wildfires and/or Saharan dust episodes that are not associated with local transportation emissions. Second, we added a categorical 
feature that allows to distinguish when the Low Emission Zone that restricts the most pollutant vehicles access to the metropolitan area 
are in effect (Grup d’Avaluació de l’Impacte de la Zona de Baixes Emissions ZBE Rondes Barcelona, 2021). In addition, the set of 
observations, covering the interval from October 2017 to June 2021, now includes the COVID-19 lockdown period. Although studying 
the effect of COVID-19 on air pollution is not one of the objectives of this work, the existence of a low activity period provides an 
unexpected opportunity to extend the training domain with exceptionally low levels of traffic intensity and industrial production 
(Dutheil et al., 2020; Kerimray et al., 2020; Li et al., 2020b). 

The approach presented here differs from previous works in two main key points. First, given the potential role played by Airports 
and Ports on the local Air Quality of neighboring cities (Degraeuwe et al., 2019a), here we used feature engineering to consider 
dedicated predictors aimed at capturing the impact of these two transportation modes along with road traffic. Second, the method
ology presented here is not intended to provide a forecast of the concentration but to estimate the impact of each transportation mode 
and, more importantly, the effectiveness of air pollution mitigation measures at several locations across the metropolitan area of 
Barcelona. While notable success in forecasting the pollutant concentration using historical data has been already demonstrated, 
estimations of the individual share for each pollutant source and road traffic restrictions has not been as thoroughly explored. In this 
work we demonstrate that it is possible to accurately quantify individual contributions to increased pollutant concentrations in urban 
environments without detailed atmospheric hydrodynamics or precise source inventories. 

This present manuscript is organized as follows: Setion 2 describes the methods and materials used to build the working dataset as 
well as the model development methodology. Section 3 presents the main results and quantifies the contribution of each transportation 
mode to increased pollutant concentration for several chemical species and locations across the metropolitan area. The effectiveness of 
traffic restrictions imposed in the city of Barcelona to improve air quality in the metropolitan area is also evaluated. Section 4 discusses 
the hypothesis, assumptions and potential future improvements to the current methodology and Section 5 summarizes the major 
findings. 

Table 1 
List of predictors, their description and the number of levels for those that have been One-Hot-Encoded (OHE). If used, normalization by subtracting 
the mean and dividing by the standard deviation is indicated.  

j Predictor Description OHE levels Normalized 

1 wind vel Wind velocity – ✓ 
2 temp Temperature – ✓ 
3 hum rel Relative humidity – ✓ 
4 press Atmospheric pressure – ✓ 
5 precipita Precipitation – ✓ 
6 insol Solar irradiance – ✓ 
7 wind dirx East-West wind component – – 
8 wind diry North-South wind component – – 
9 alig port Port-station alignment – – 
10 alig aero Airport-station alignment – – 
11 port numv Number of docked vessels – ✓ 
12 aero numf Number of flight operations – ✓ 
13 backPM10 Background PM10 concentration – ✓ 
14 density Road traffic density – ✓ 
15 LEZ Low Emission Zone 2 – 
16 hday Hour of the day 24 – 
17 month Month of the year 12 – 
18 code Pollution measurement station ID 7 –  
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2. Materials and methods 

In the context of ML/AI, the present application is of the Supervised Learning type. The objective is to elucidate, if it exists, the 
dependence f between a response and a set of predictors on which it depends using large sets of observations from which f can be 
‘learned’. Here, the response is the hourly value of concentration of a given pollutant ci. The set of predictors (or features) xj = (x1, x2, 
…, xn) is comprised of j = 1 … n variables that, in accordance with the physics governing the dispersion of pollutants in the air, are 
expected to affect the response and include the instantaneous local weather and atmospheric conditions and the emissions inventory. 
The goal is to find a good approximation of f, namely ̂f , to obtain accurate predictions of ci using ̂c = f̂

(
xj
)

and use it to determine the 
individual impact of a given predictor on the pollutant concentration, this is, estimating the first-order effects of the form ∂ci/∂xj. 

2.1. Working dataset 

The working dataset is comprised of hourly synchronous observations of pollutant concentration (the response) and the n = 18 
different predictors shown in Table 1. This table lists the features that, for convenience or due to its categorical nature, have been one- 
hot-encoded for appropriate use in the model training indicating the number of levels. Also, following the standard procedure, the 
continuous predictors that have been normalized by subtracting the mean and dividing by the standard deviation are also identified. 

In total, the working dataset consists of 23,427 hourly observations amounting to a 72.5% completeness with respect to the 
theoretical 32,300 observations covering the sampling time period from 2017 to 10-01 to 2021-06-07. While most missing obser
vations are randomly scattered in time, a temporary interruption in the road traffic data gathering during the COVID-19 lockdown 
produced a continuous gap of 1932 h. Given the relevance of the data interruption both in terms of size and timing (at the very 
beginning of the pandemic lockdown), traffic density over the missing time span have been estimated using ML techniques. Details on 
the methodology can be found in Appendix A. Following a conservative approach, only those hourly observations for which con
centration data exist for all measurement stations have been considered. Thus, the total number of rows in the working data set is about 
half a million. 

Fig. 1. Map of the Barcelona metropolitan area showing the location and names of the pollutant stations (black markers), the Port (blue marker) 
and the Airport (orange marker). Traffic density measurement locations are shown as red and green markers where the latest have been used to 
estimate the local value in the vicinity of each pollutant station. The area enclosed by the Low Emission Zone is depicted using a blue overlay. 
Yellow areas show the location of the two major industrial sites. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.) 
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2.1.1. Pollutant concentration 
The hourly data on pollutant concentration in μg/m3 for m = 7 different pollutant species has been obtained from p = 7 mea

surement station across the metropolitan area of Barcelona belonging to the Air Pollution Monitoring and Forecasting Network 
(XVPCA) of the Department of Climate Action, Food and Rural Agenda of the Generalitat de Catalunya (Medi ambient i sostenibilitat, 
2022). The pollutant species are carbon monoxide CO, nitric oxide NO, nitrogen dioxide NO2, total nitrogen oxides NOx, ozone O3, 
suspended particulate matter of 10 μm of diameter or less PM10 and sulfur dioxide SO2. The location of the pollutant measurement 
stations is shown in Fig. 1 as black markers (names of the stations are also indicated). Although Fig. 1 shows 8 pollutant measurement 
stations, the one named Observatory Fabra has been discarded, first, because unlike the rest of the stations of the Urban Background or 
Urban Traffic types, this one belongs to the Background Suburban type. Secondly, as shown in Fig. 1, it is the only one located outside the 
limits of the metropolitan area where no nearby traffic data exists. Finally, this station height with respect to the sea level (415 m) 
departs significantly from the rest of stations which altitude ranges between from 3 to 136 m. It is worth noting that not all p = 7 
stations measure all m = 7 pollutants. The list of stations, their type and data availability for each pollutant species is shown in 
Appendix B. 

Although the PM10 concentration, as well as all other pollutants, is the response in the present ML application, its far-field 
background value is used here as a predictor to account for contributions to particulate matter levels not attributable to local emis
sions but due to, for instance, intense Saharan dust episodes or forest fires. Using the same pollutant measurement station network all 
concentration data has been retrieved from (Medi ambient i sostenibilitat, 2022), the PM10 concentration at a rural station has been 
used here as a predictor for background particulate matter levels. The location of this station, near the town of Sort (42◦24′36” N — 
1◦07′43′′ E) and approximately 140 km from the Barcelona metropolitan area, is shown in Appendix C. 

2.1.2. Meteorology 
The meteorological data (wind direction and velocity, temperature, relative humidity, precipitation, atmospheric pressure and 

irradiance) is available with a 30-min sampling rate obtained from two measurement stations belonging to the Network of Automatic 
Weather Stations of the Catalan Meteorologic Service (XEMA) (Servei Meteorològic de Catalunya (Catalan Meteorologic Service), 
2022). Given the high levels of correlation in the meteorological predictors between these two stations within the metropolitan area of 
Barcelona located roughly 6 km from each other (see the map in Appendix D), the average between these two stations have been used 
as a representative state of the local atmosphere across the metropolitan area. Each pair of consecutive 30 min data points have also 
been averaged to obtain a single value per hour to enable the dataset merging with the rest of predictors with a nominal hourly 
sampling rate. The temporal evolution of meteorologic predictors over 2020 is shown in Appendix E. 

2.1.3. Road traffic 
The road traffic density data has been retrieved from the traffic state network of the city of Barcelona Open Data portal (Open Data 

BCN, 2022a). The measurement locations are shown in Fig. 1 as red and green markers. Importantly, data comes as a normalized 
number of vehicles per meter of traffic route taking integer values between 1 (fluid traffic) and 5 (congested traffic). For each pollutant 
measurement station, the value of the traffic density has been estimated by taking the average of the traffic density over the closest 
locations (marked in green in Fig. 1). In this work we assume that this variable works as a proxy of the road traffic emission intensity. 

Road traffic data stream was interrupted at the beginning of the COVID19 pandemic lockdown in March 2020. The resulting gap 
has been imputated using alternative data on mobility in the city of Barcelona as explained in Appendix A. 

2.1.4. Air traffic 
Hourly total number of flights to and from the Airport of Barcelona have been provided on request by the European Organisation for 

the Safety of Air Navigation, commonly known as Eurocontrol (Nicolas, 2022). The map in Fig. 1 shows the location of the Airport of 
Barcelona as an orange dot. The number of movements at the Airport of Barcelona between February 2020 and April 2020 illustrating 
the impact of the COVID-19 lockdown on mobility is shown in Appendix F. 

In this work it is assumed that the total emissions of the Airport of Barcelona are highly correlated with the number of flight 
movements in this infrastructure and therefore the impact of the Airport can be adequately characterized by this predictor. 

2.1.5. Maritime traffic 
Hourly number of both total vessels and cruise ships docked at the Port of Barcelona have been retrieved from its Open Data portal 

(Port of Barcelona Open Data Portal, 2022). The map in Fig. 1 shows the location of the Port of Barcelona as a blue dot. The number of 
hourly total vessels docked at the Port of Barcelona between January 2019 and December 2020, the percentage of those vessels that are 
cruise liners and the length of stays distribution are shown in Appendix G. 

As it happened for the number of flight movements, here it is assumed that the total emissions of the Port of Barcelona are highly 
correlated with the number of docked vessels and therefore the impact of the Port can be properly accounted by this predictor. 

2.1.6. Other predictors 
The local government of Barcelona imposed a Low Emission Zone or LEZ (Zona de Baixes Emissions or ZBE in Catalan) to limit access 

to the metropolitan area of the city and reduce pollution levels in the city. Although effective from January 1, 2020, a moratorium 
postponed the start of sanctions until September 15, 2020. The measures restrict the entry of those vehicles identified as the most 
polluting according to their year of purchase and engine type. Details of the vehicles affected by this restriction are provided in 
Appendix H. To account for the impact associated with the Low Emission Zone, we defined a categorical predictor that takes the value 
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of 1 after September 15, 2020 and 0 otherwise. With an extension of 95 km2, the LEZ is shown in Fig. 1 as a blue overlay. 
For reference and due to their potential role in contributing to pollutant emissions, the two major industrial sites between the 

metropolitan area and the Airport of Barcelona are shown in Fig. 1 as yellow overlays. 

2.2. Pre-processing and data preparation 

Code for data cleaning, pre-processing and feature engineering was written in R version 3.6.3. Code for model training, resampling, 
hyperparameter tuning and post-processing was written in python 3.7. 

Following standard procedures, the relatively large values of skewness in the pollutant concentration, wind velocities and back
ground PM10 distributions was alleviated using a logarithmic transformation. 

Regarding feature engineering, wind direction reported by the direction from which it originates expressed as angle in degrees in a 
cardinal points was transformed into a set of four predictors. Two of them were the cosine and the sine of the wind direction angle 
(wind dirx and wind diry). The other two were the wind alignment between each measuring station and the Port and the Airport of 
Barcelona (see Fig. 1). Alignment with respect to the Port and the Airport of Barcelona was computed respectively as 

aP =

(

1 −
|β − γP|

180

)2

(2)  

aA =

(

1 −
|β − γA|

180

)2

(3)  

where β is the wind direction angle and γP and γA are the angles of the lines connecting each pollutant measurement station and the Port 
or the Airport respectively. Both alignment values are bounded in the [0,1] interval where 0 indicates wind blowing in the opposite 
direction to the line connecting the station and the corresponding infrastructure while 1 indicates perfect alignment. Importantly, 
while the meteorological data is shared by all pollutant measurement stations, each of them has been trained with their corresponding 
data on road traffic density and port and airport alignment. 

All predictors in the form of time series have been smoothed using a triangular and symmetrical 7-h window to (i) remove the 
highest frequency fluctuations in the signal associated to the finest scales in the environmental turbulence and (ii) reduce the number 
of degrees of freedom in the learner and the CPU time during the model training. The 7-h window with relative weights (1/4, 2/4, 3/4, 
1, 3/4, 2/4, 1/4) must not to be understood as an optimized parameter but as an heuristic criteria related to daily periodic behaviour of 
the meteorology, pollutant concentration and road traffic density predictors. The cross-correlation between continuous predictors is 
shown in Appendix I. 

2.3. Regression learner 

The Multilayer Perceptron Regressor (MLPR) available in the Phyton scikit-learn package has been used to fit the concentration of 

Fig. 2. Sketch of the MLPR showing an Input Layer and fully-connected layers with 30 neurons each and the single output layer containing the 
concentration of the species i, ci. 
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all pollutant species using the predictors listed in Table 1 belonging to four categories: (i) meteorology, (ii) transportation intensity, 
(iii) the background particulate matter and (iv) one-hot-encoded variables for the station number, the hour of the day, the month of the 
year and the Low Emission Zone enforcement. 

Hyperparameter tuning was done by comparing the results of the twelve network configurations resulting from trying three 
different depths (two, three and four layers) and 4 different number of neurons (10, 20, 30 and 40). Larger number of nodes or layers 
than those finally selected (2 layers with 30 neurons in the input and hidden layers) yielded marginally better fit scores during the 
training step at the cost of increased overfitting, this is, a significantly larger values of R2 score in the training set in comparison to the 
test set. On the other hand, significantly reduced predictive accuracy was found for network configurations with less than 30 neurons. 

The neural network, sketched in Fig. 2, is comprised of a 30-neuron input layer x1, …, x30, each of them connected to all the 
predictor variables, followed by a fully-connected 30-neuron hidden layer h1

(1)…h30
(1) and a single output neuron y1 containing the 

concentration prediction for pollutant i, ci. The activation function is of the Rectified Linear Activation Function (RELU) type. 
Model robustness has been assessed using a 5-fold cross-validation. The working dataset is randomly split in 5 folds and the model is 

trained using 4 of them, while the remaining data fold is used to test the fit performance by comparing the predicted values with the 
original values. The procedure is repeated 5 times using each of the data folds to test the fit performance. In order to reduce the 
variability of this estimation, the procedure is replicated a total of qr = 25 times by randomly splitting the data into 5 subsets over 
which the 5-fold cross-validation procedure is applied resulting in qr estimates of the pollutant concentration. 

The training total CPU time is slightly above 2 h using a personal workstation equipped with 16Gb of RAM memory and a 6-core 
Intel i7–8700 chipset. 

Learner performance is measured using the coefficient of determination R2 defined, for each pollutant species, as 

R2 = 1 −
SSres
SStot

= 1 −
∑m

k=1(ck − ĉk)
2

∑m
k=1(ck − 〈c〉 )2 (4)  

where SStot is the total sum of squares and SSres is the sum of residuals, ck and ĉk are the k-th observed and predicted value respectively 
and 〈c〉 is the averaged observed value. 

2.4. Traffic monthly and daily averages 

Human activity and mobility patterns are responsible for cyclic trends as shown in Fig. 3 that presents, from top to bottom, the 
monthly (left panels) and hourly (right panels) averages of road traffic density, number of vessels and number of flights at the Port and 
Airport of Barcelona. While road traffic and flight operations clearly intensify during daytime hours, port activity remains mostly 
constant over the 24-h period. On the yearly scale, summer vacation period explains the dip in both the road traffic and the port 
activity around August. Although noticeable, this increase in transportation activity during summertime in the case of air traffic is very 
modest. 

The monthly (left panels) and hourly (right panels) average concentration for all pollutants is shown in Fig. 4. Each coloured dashed 
line corresponds to a different measuring station with the black line indicating the average across all stations. These profiles suggest 
that although there exists significant differences in the pollution levels between stations, the overall trend is very similar regardless of 
the specific location across the metropolitan area. The distinctive patterns in the average concentration for all pollutants suggests that 
the hour of the day and the month of the year along with the measurement station id should be used as predictors in training the model. 

Fig. 3. From top to bottom: monthly (left) and daily (right) averages of Road traffic density, number of docked vessels at the Port of Barcelona, Port- 
station wind alignment, number of flight operations at the Airport of Barcelona and Airport-station wind alignment. 
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3. Results 

3.1. Model accuracy performance 

To illustrate the predictive capabilities of the data-based numerical model, Fig. 5 shows the measured and predicted NO2 con
centration in μg⋅m− 3 between 1 January 2019 and 31 March 2019 for each measuring station reporting this pollutant. 

Fig. 4. From top to bottom: monthly (left) and daily (right) averaged concentration for each pollutant in μg⋅m− 3 coloured by station. Black line 
shows the average across stations. 
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The model accuracy in terms of the coefficient of determination R2 for both the training and the test sets using the combined data 
from all p = 7 stations is listed in Table 2 for each pollutant species. The slightly higher values for the test set suggest that there is no 
overfitting of the data, indicating an appropriate choice of the MLPR configuration. The poorer values of performance for CO are very 
likely due to the notably lower number of observations for this species only available in 4 out of 7 measurement stations (see 
Appendix B). In the case of SO2, in addition to this limitation in the number of data due to the lack of records at several measurement 
stations, the lower values of R2 may be due to the limited resolution of the measurement instruments that record concentration values 
only as integers with a minimum value of 1. In the case of SO2, which often presents very low concentration levels, this limitation could 
affect the predictive capability of the model. 

For each pollutant, Table 3 lists common model evaluation statistics (Yu et al., 2006). 
for the test set including the correlation coefficient (R2), the fraction of predictions within a factor of two of observations (FAC2), 

the geometric mean bias (GeoMean) the geometric standard deviation (GeoSTD), the root-meansquare error (RMSE) and the mean bias 
(MeanBias). The last three rows include the same model accuracy metrics for the same three measurement stations (see Fig. 1) as 
reported by Benavides et al. (Benavides et al., 2019) who used the operational mesoscale air quality forecast system CALIOPE-Urban 
v1.0 to predict the hourly NO2 concentration. These results underline the potential of Machine Learning techniques in the prediction of 
pollutant concentrations in urban environments and their ability to provide concentration predictions as (or more) accurate than those 

Fig. 5. Measured (empty black markers) and predicted (solid red markers) concentrations of NO2 for each station over the first 90 days of 2019. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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obtained with state-of-the-art physics-based methodologies. 

3.2. Feature importance 

The importance of each standardised feature in a linear (or generalised linear) model can be directly assessed by comparing the 
magnitude of each regression coefficient. In contrast, the contribution of each feature to the response variability in non-linear models 
requires alternative approaches. The Permutation Feature Importance (PFI) method (Wei et al., 2015; Breiman, 2001), agnostic with 
respect to both the model and the score function, estimates the importance of each predictor by calculating the decrease in the model 
prediction score after randomly permuting the values of this predictor. A predictor is ‘important’ if shuffling its values decreases the 
model score and it is ‘unimportant’ otherwise. As predictors are shuffled (several times and averaged), the fraction of response 
variability explained by the model decreases resulting in scores below the ‘best’ value attained before shuffling. This descent in the R2 

score is not bounded and can attain negative values when the prediction is worse than predicting just the mean of the fitted variable. To 
be consistent with the rationale beyond the method and the nature of the data used here, there are four predictors (wind_dirx, wind_diry, 
alig_port and alig_aero) that are shuffled simultaneously because all of them are derived from the wind direction, which is a primitive 
variable that enters into the model through these four feature-engineered variables. Their joint effect is included in the plots with the 
label wind_alig. The PFI results, shown in Appendix J, suggest that most pollutant concentration variability is affected by the temporal 
predictors and the local position within the metropolitan area (accounted via the measurement station code). Temperature is also 
found to be a relevant predictor for PM10 and SO2. 

3.3. Transportation emissions impact 

The individual impact of each predictor associated with transportation is determined by adding a perturbation δxj to the observed 
predictor value xj for each observation in the working data set and taking the mean value of the predicted concentration 〈c〉 over all 
observations while holding the other predictors at their respective observed values. The results are shown in Fig. 6 where the x-axis 
contains the normalized perturbation defined as 

Δxj = 100
δxj

xj
(5)  

while the average prediction for each species i over all observations, 〈ci〉, belongs on the y-axis. The excellent predictive capabilities of 
the model ensure that the predicted concentration at Δxj = 0 are very close to the observed values. Red thick lines show a line with the 
slope at Δxj = 0, this is, the rate of change in concentration in the vicinity of the observed value. 

Table 2 
Values of test and train R2 for all pollutants.  

Pollutant Train R2 Test R2 

CO 0.680 0.620 
NO 0.839 0.809 
NO2 0.835 0.811 
NOx 0.838 0.813 
O3 0.857 0.819 
PM10 0.816 0.779 
SO2 0.651 0.583  

Table 3 
Model evaluation statistics for the test set for each pollutant including the correlation coefficient (R2), the fraction of predictions within a factor of two 
of observations (FAC2), the geometric mean bias (GeoMean) the geometric standard deviation (GeoSTD), the root-mean-square error (RMSE) and the 
mean bias (MeanBias). The last three rows show the same model evaluation statistics for the same three measurement stations as reported by 
Benavides et al. (Benavides et al., 2019) who used the operational mesoscale air quality forecast system CALIOPE-Urban v1.0 to predict the hourly 
NO2 concentration.  

Pollutant R2 FAC2 GeoMean GeoSTD RMSE MeanBias  

PM10 0.80 0.99 1.00 1.26 6.90 − 0.90  

O3 0.86 0.97 1.00 1.33 9.34 − 1.53  
NO 0.76 0.87 1.00 1.60 11.76 − 2.05  
NOx 0.79 0.96 1.00 1.37 24.57 − 3.81  
CO 0.64 0.99 1.00 1.27 110.40 − 12.71  
SO2 0.64 0.99 1.00 1.28 0.58 − 0.08  
NO2 0.82 0.99 1.00 1.29 8.91 − 1.26  
Palau Reial 0.32 0.73 1.10 1.22 21.6 − 1.23 

NO2 (Benavides et al., 2019) Eixample 0.31 0.86 0.83 1.11 26.7 − 8.57  
Gr’acia 0.28 0.79 1.07 1.19 25.1 6.00  
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Keeping in mind the definitions of each transportation predictor, either as a measure of traffic density expressed on a 1 to 5 scale or 
as the number of docked vessels or flight movements, results suggest that the road traffic density is the predictor with the largest impact 
on the pollutant concentrationfor all considered chemical species. The dependence of the concentration on variations of the road traffic 
density (expressed as a percentage with respect to the observed value) is mostly linear across the ±40% range shown in Fig. 6. Notably, 
as |Δx14| increases, model predictions linearity decreases resulting in milder changes in NO2 concentration for larger variations in the 
predictor. This apparent saturation of the prediction may be due to the fact that as Δxj increases, the number of extreme predictor 
values used to train the model decreases. 

Although notably smaller in comparison to road traffic, results suggest that the number of vessels (used as a proxy for Port 
emissions) has also a significant impact on pollutant concentration levels in the metropolitan area. In contrast, the number of flight 
operations (used as a proxy for Airport activity) seem to have a very modest contribution to worsened Air Quality. It is worth 
mentioning that while the Port of Barcelona is located within the metropolitan area of the city, the Airport of Barcelona is located more 
than 10 km from the city center (see Fig. 1). 

All these results are in agreement to the estimated NOx emission share per sector in the city of Barcelona reported in the Urban NO2 
Atlas elaborated by the European Commission (Degraeuwe et al., 2019b) that attributes a negligible contribution of the air traffic to 
this pollutant total emissions. In the same report, road traffic and shipping activities are estimated to contribute with approximately 
half and a quarter of the total NOx emissions respectively. The remaining 25% of emissions correspond to residential and industrial 
sources. 

Notably, except for PM10, the wind alignment with respect to the Airport has a larger effect on the pollutant concentration than the 

Fig. 6. Average predicted dependence of pollutant concentration on each transportation predictor intensity. From left to right columns: Road traffic 
density, Port activity, Port wind alignment, Airport activity and Airport wind alignment. Thick red lines indicate the slope at Δxj = 0. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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number of flight operations. This could be the explained by the presence of industrial sites in between the Airport of the metropolitan 
area of Barcelona (see Fig. 1). The model could be ‘learning’ that while the air traffic intensity does not contribute significantly to the 
local Air Quality, when the wind blows from the Airport direction towards the city, pollutant concentrations increase due to emissions 
released in between the Airport and the measuring station. 

The relative lack of robustness of the SO2 predictions can be explained by the very small variability in its concentration that ranges 
between approximately 1.45 and 1.65 μg⋅m− 3 and, more importantly, by the limitations of the station measurement equipment 
capable only of reporting concentration (in μg⋅m− 3) using integers. SO2 concentration values near or below unity will result in an 
unrealistically high frequency of 1 μg⋅m− 3 records that will degrade the accuracy of the model in predicting the concentration of this 
particular pollutant under low concentration scenarios. 

The individual impact of each transportation mode is summarized in Table 4 that presents the normalized ratio of the variations in 
the response and the predictor defined as 

mj =

Δ〈c〉/〈c〉
δxj

/
xj

(6)  

where Δ〈c〉 is the variation in the average concentration as a response to changes of magnitude δxj in the corresponding predictor. In 
addition, the non-normalized version of this slope, defined as 

m̃j =
Δ〈c〉
δxj

(7)  

is also included in parenthesis for each transportation mode. 
It is crucial to note that all three transportation predictors have a very different definition. While the number of docked vessels and 

the number of flight operations are naturally related to the number of units of each class in each respective infrastructure, the road 
traffic density predictor is a normalized quantity bounded between the values of 1 and 5 corresponding to ‘very fluid’ and ‘congested’ 
conditions respectively. Moreover, the number of docked vessels and flight operations are respectively assumed to be correlated to 
each facility total emissions. 

The units of m̃ j should therefore be read as an increment of concentration of μg⋅m− 3 (i) per point of traffic density in the 1 to 5 
range, (ii) per increased Port emissions expressed as an additional docked vessel at the Port of Barcelona and (iii) per increased Airport 
emissions expressed as an additional flight operation at the Airport of Barcelona. 

As already shown in Fig. 6, the road traffic density, as defined in this work, has the largest impact on increased pollutant con
centration. Every increase in one unit of road traffic density is estimated to be responsible for a variation of 137.91, 14.19, 19.34, 
40.50, − 14.18, 6.98 and 0.24 μg⋅m− 3, of CO, NO, NO2, NOx, O3, PM10 and SO2 respectively. Likewise, the change in the overall Port 
activity associated with an additional docked vessel at the Port of Barcelona at a given hour is estimated to change the concentration of 
the same pollutants by 0.46, 0.11, 0.10, 0.25, − 0.08, − 0.11 and 0 μg m− 3 respectively. Pollutant concentration variations due to 
changes in the Airport activity represented by an additional flight operation per hour at the Airport of Barcelona are below 0.06 μg 
m− 3. 

To illustrate the impact of wind alignment and velocity, the values of mj for these predictors are also shown. Results suggest that a 
better alignment of the wind with respect to the Port of Barcelona, as defined in Eq. (2), has the largest impact on the nitrogen oxides 
concentration. Despite the negligible impact of the Airport activity, the wind alignment with respect to the Airport seems to be larger 
than that for the Port. As mentioned before, a plausible explanation is related to the existence of industrial sites in between this 
infrastructure and the metropolitan area. On the other hand, the decrease in pollutant levels as wind velocity increases could be 
explained by the enhanced turbulent mixing due to larger wind shear within the urban canopy. 

3.4. Low Emission Zone impact 

The impact of the Low Emission Zone on the pollutant concentration is shown in Fig. 7 that plots the predicted difference in 

Table 4 
Ratio between the relative rate of change of each mean pollutant concentration and the relative rate of change of each variable mj. For each 
transportation mode the non-normalized value m̃j is shown in parenthesis.  

Predictor CO NO NO2 NOx O3 PM10 SO2 

Road Density 0.76 2.03 1.05 1.40 − 0.53 0.53 0.28 
(137.91) (14.19) (19.34) (40.50) (− 14.18) (6.98) (0.24) 

Port activity 0.08 0.52 0.18 0.27 − 0.10 0.26 0.13 
(0.46) (0.11) (0.10) (0.25) (− 0.08) (− 0.11) (0.00) 

Airport activity 0.01 − 0.12 0.05 − 0.01 0.02 0.04 0.01 
(0.06) (− 0.04) (0.04) (− 0.01) (0.03) (0.03) (0.00) 

Port alignment 0.06 0.19 0.15 0.19 − 0.09 0.05 0.07 
Airport alignment 0.14 0.68 0.29 0.40 − 0.12 0.03 0.13 
Wind velocity − 0.15 − 0.45 − 0.23 − 0.33 0.23 0.02 − 0.06  
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pollutant concentration under the LEZ with respect to the unrestricted traffic, Δci. The boxplots show the distribution over the qr 
numerical experiments where the centerline, the box and the whiskers represents the median, the Interquartile Range and the min
imum (lower whisker) and maximum (upper whisker) values of the distribution. 

Results suggest that the LEZ has a statistically significant impact on the carbon monoxide and nitrogen oxides concentration 
achieving a mean reduction of approximately 8.0, 2.5, 4.0 and 8.0 μg⋅m− 3 for CO, NO, NO2 and NOx respectively. 

With a mean concentration value of NOx before the LEZ implementation of 54 μg⋅m− 3, this traffic restriction measures are therefore 
predicted to abate the total NOx levels by approximately 15%. Regarding each individual nitrogen oxide, reductions in NO2 and NO are 
predicted to be 12% and 13% respectively. Although larger in magnitude in comparison to nitrogen oxides, the difference in CO 
concentration before and after the LEZ would result in a 2.5% reduction in the concentration of this pollutant with respect to its mean 
value. 

Regarding the other pollutants levels, results in Fig. 7 suggest that the LEZ has no significant impact on the concentration of ozone, 
suspended particulate matter and sulfur dioxide. 

The impact of the LEZ measures on the Air Quality in the metropolitan area of Barcelona, predicted here to result in a 12% 
reduction in NO2 concentration, is found to be negligible in the first report published by the Barcelona Public Health Agency (ASPB in 
Catalan). This report concluded that, although the implementation of LEZ sanctions starting in September 2020 prompted a significant 
renewal of the vehicle fleet and a consequent decrease in the share of the most polluting cars, the restriction measures did not result in 
significant decreases in NO2 concentration levels across the metropolitan area (Grup d’Avaluació de l’Impacte de la Zona de Baixes 
Emissions ZBE Rondes Barcelona, 2021). The improvement in the Air Quality observed during 2020 was explained by the mobility 
abatement due to the COVID-19 pandemic lockdown with no contribution attributable to the deployment of the LEZ measures. The 
report concluded that a proper analysis of the LEZ impact required longer-term data, especially in the COVID-19 context with unusual 
mobility patterns. In addition, it was stated that further Air Quality improvements should be expected as restrictive measures affect 
more vehicle types in the coming months. 

The discrepancy with the current results is due to the methodology used in the ASPB report, which consists of a mere comparison of 
the average NO2 reduction between the metropolitan area within the LEZ boundaries (see map in Fig. 1) and two control zones, one 
extending over the metropolitan belt (near field) and the other further away that includes large rural areas. By comparing the con
centration levels in these three regions during three stages (1) the Spring 2020 lockdown, (2) the Summer 2020 ’new normality’ and 
(3) the Autumn 2020 new restrictions, the authors did not find significant differences between the LEZ-affected domain and the outer 
control regions. Concentration variability due to meteorology was accounted using an unspecified and non-referenced methodology. 

Importantly, a second report by the Barcelona City Council (Departament d’Avaluació i Gestió Ambiental, 2022) presented the 
results of a model predicting a reduction of 18.1% in the NO2 concentration as a result of the LEZ measures with respect to values in 
2017 at one single location corresponding to the measurement station with the highest pollutant concentration. Therefore, this second 
report predicts a reduction in NO2 concentration that is of the same order as the 12% reduction in this pollutant predicted in the present 
work across the entire metropolitan area. 

The impact of the Barcelona LEZ on the NOx concentration was also estimated using the CALIOPE-Urban model (Benavides et al., 
2019; Benavides et al., 2020) who reported a reduction of 13.1% in NOx concentration (Rodriguez-Rey et al., 2022), a value that is very 
close to the 15% estimated in the present work. 

4. Discussion 

While physics-based models require detailed emission inventories for each pollutant to define the source terms in the transport 
equations, the present data-driven methodology has been found to accurately predict pollutant concentrations using only readily 
available predictors of traffic intensity for each transportation mode. Using Machine Learning techniques, the resulting model can be 
used to assess the impact on Air Quality due to changes in each individual pollutant contributor. Thus, the effectiveness of mitigation 

Fig. 7. Predicted concentration reduction in μg⋅m− 3 associated to the Low Emission Zone restriction measures on road traffic for each pollutant.  
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measures that restrict the type of vehicles accessing the city of Barcelona has been evaluated by estimating the reduction in con
centration due exclusively to their enforcement. 

A key assumption in the present methodology is that the traffic density reported by the City Council of Barcelona is an appropriate 
surrogate for the amount of pollutant emissions from fossil fuel-based vehicles. In a similar way, (i) the number of docked vessels at the 
Port of Barcelona is used here as a proxy for overall Port activity emissions that include emissions from ships but also from logistics 
operations, service vehicles, etc. and (ii) the number of flight operations is assumed to represent the overall emissions in the Airport of 
Barcelona, that, besides those emitted by aircraft, may include also maintenance operations, taxing, etc. All in all, it is assumed here 
that all these surrogates are correlated to the overall emissions for each transportation mode. 

Future improvements to the model will depend on the availability of ”finer-grained” data that will facilitate better characterization 
of the emissions inventory that may come, for example, from road traffic intensity data broken down by vehicle type. Of course, adding 
predictors to explicitly account for residential, industrial, energy production and agriculture emissions could further improve the 
current model predictive capabilities increasing also the flexibility of the present methodology to investigate other metropolitan areas 
with distinct emission shares by sector. 

It should also be noted that, by considering all measurement station data combined, the present results can be regarded as a overall 
prediction of the pollutant concentration across the entire metropolitan area. Of course, individual models can be used for each station 
if separate predictions for each location in the metropolitan area are required. In this sense, the availability of concentration pre
dictions only for locations for which data exist could be considered as a limitation of the methodology presented here, in contrast to 
classical physics-based models that typically provide pollution level maps over the entire computational domain. 

5. Conclusions 

The present work demonstrates that it is possible to use Machine Learning/Artificial Intelligence techniques to obtain very accurate 
predictions of local pollutant concentrations with modest CPU resources without requiring detailed information on usually unavailable 
variables including local atmospheric hydrodynamics, surface heat flux, emission inventories of different types including mobile 
sources and urban layouts. In comparison to physics-based CALIOPE-Urban v1.0 model, the present data-based approach has 
demonstrated better performance in predicting local concentration of NO2 at selected locations in the city of Barcelona using readily 
available datasets from Open Data repositories. 

Using data between October 2017 and June 2021, the dependence between the concentration levels of CO, NO, NO2, NOx, PM10, O3 
and SO2 on (i) local meteorology, (ii) road traffic density, (iii) number of docked vessels at the Port and (iv) number of flight 
movements at the Airport have been obtained using a Multilayer Perceptron Regressor. The resulting model has been used to estimate 
the individual impact of each transportation mode on pollutant levels in the metropolitan area exploiting the unexpected opportunity 
of the COVID-19 pandemic lockdown to train Machine Learning models with unusually low values of transportation intensity. Pre
dictive performance for each pollutant in terms of R2 range between 0.58 and 0.82. 

Under the definition of the transportation predictors, results suggest that road traffic has the greatest influence on pollutant 
concentration, followed by maritime traffic. Compared to these two, air traffic was found to barely contribute to worsened Air Quality. 
For instance, road, maritime and air traffic are estimated to be responsible for an increase in NO2 concentration of 1.05, 0.18 and 0.04 
percentage points per percentage point increase on each predictor. 

When used to investigate the impact of the Low Emission Zone mitigation measures aimed at improving the Air Quality in the 
metropolitan area of Barcelona, the present model results are in good agreement with both the Barcelona City Council predictions and 
the estimations from a state-of-the- art physics-based model. The present analysis suggests that the road traffic restrictions that began 
in September 2020 are responsible for a 15% reduction in total nitrogen oxides concentration. Although significant decreases in carbon 
monoxide levels are also predicted, other pollutants such as particulate matter and sulfur dioxide appear to be unaffected by this 
mitigation measure. 

Future extensions of the present work will be directed at improving the present predictive capabilities by adding better urban 
mobility predictors and use power consumption per sector as a proxy to account for residential and industrial emissions. 
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Appendix A. Imputation of the road traffic data from March to May 2020 

The road traffic density dataset in the metropolitan area of Barcelona (Open Data BCN, 2022a) exhibits an interruption between 
March 16th and June 4th 2020. Since the working dataset is only comprised of complete hourly observations (i.e., observations for 
which all predictors exists), this 1932 h long gap would propagate during the table merging. Missing data imputation on traffic density 
was carried out using an alternative dataset on metropolitan mobility, namely, the ‘mobility capacity’ dataset also available at the 
Open Data BCN portal (Open Data BCN, 2022b). 

Support Vector Regression (SVR) is a popular technique in Supervised Learning non-linear problems in a wide range of applications 
(Energy, 2014; Shamshirband et al., 2015). Using Python scikit-learn SVR (Sklearn package-SVR, 2022) was used to fit the original 
traffic density data (expressed in a 1–5 scale) to the ‘mobility capacity’ dataset containing the average number of vehicles per day. 
While the sampling rate of the traffic density data is hourly, mobility data came as daily averages by weekday. In addition, each dataset 
was generated with measurements taken from a different station networks lacking of spatial collocation. 

First, mobility and traffic density data were expressed on the same temporal axis by averaging the hourly traffic measurements to 
weekly values for each month. For each traffic station, the set of the 10 nearest mobility measurement locations was identified allowing 
for estimations of daily average traffic intensity. Since mobility data was expressed in weekdays, separate models were used to 
imputate the original data set using predictions of the hourly traffic value based on the daily average and the hour of the day. 

Appendix B. List of pollutant measuring stations 

The list of pollutant measurement stations and data availability for each pollutant species is shown in Table B.5.  

Table B.5 
Pollutant measurement station type and data availability for each species. ‘BU’ stands for Background Urban and ‘TU’ for Traffic Urban.  

Station name Type CO NO NO2 NOx O3 PM10 SO2 

Poblenou BU – ✓ ✓ ✓ – ✓ – 
Sants BU – ✓ ✓ ✓ – – – 
Eixample TU ✓ ✓ ✓ ✓ ✓ ✓ ✓ 
Gr’acia-Sant Gervasi TU ✓ ✓ ✓ ✓ ✓ ✓ ✓ 
Ciutadella BU – ✓ ✓ ✓ ✓ – – 
Parc Vall Hebron BU ✓ ✓ ✓ ✓ ✓ ✓ ✓ 
Palau Reial BU ✓ ✓ ✓ ✓ ✓ ✓ ✓  

Appendix C. Background levels of PM10 

The map in Fig. C.8 depicts the location of the rural pollutant concentration measurement station near the town of Sort.  
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Fig. C.8. Locations of the metropolitan area of Barcelona (blue overlay) and the rural pollutant concentration measurement station (red marker) 
used to obtain background levels of PM10. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.) 

Appendix D. Meteorology stations 

The map in Fig. D.9 depicts the location and identifiers of the two meteorological stations within the metropolitan area of 
Barcelona. 

Fig. D.9. Location and identifiers of the two meteorological stations within the metropolitan area of Barcelona (blue overlay). (For interpretation of 
the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Appendix E. Meteorology 

To illustrate the meteorological data (Servei Meteorològic de Catalunya Catalan Meteorologic Service, 2022), Fig. E.10 shows the 
temporal evolution of several key predictors for the year 2020 as recorded by a measurement station located in the metropolitan area 
of Barcelona. Note that the zero angle for the wind direction in Fig. E.10 points to the North and increases in the anticlockwise di
rection. Signal interruptions are due to maintenance or malfunction of the station measurement equipment. 
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Fig. E.10. Temporal evolution of meteorologic predictors over 2020. From top to bottom: relative humidity (%), irradiance (W m− 2), precipitation 
(mm), pressure (hPa), temperature (◦C), wind direction (◦) and wind velocity (m s− 1). 

Appendix F. Airport of Barcelona activity 

The temporal evolution of the Airport of Barcelona activity between February and April 2020 is shown in Fig. F.11. The colour 
indicates the flight time (either arrival or departure). The impact of the COVID-19 pandemic lockdown, initiated on March 14, 2020 
(red dashed vertical line), resulted in a notable reduction in the hourly number of airport movements that fell from a typical peak value 
of around 60 to less than 10 by March 25, 2020. 
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Fig. F.11. Number of hourly movements at the Airport of Barcelona between February 2020 and April 2020. Colour indicates the hour of the day. 
The initialization of national lockdown in Spain on March 14, 2020 is shown as a vertical dashed red line. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.) 

Appendix G. Port of Barcelona activity 

The number of hourly total vessels docked at the Port of Barcelona between January 2019 and December 2020 is shown in 
Fig. G.12. The colour corresponds to percentage of total vessels that are cruise liners. As it happened for the air traffic (see Fig. F.11), 
the initialization of the pandemic lockdown in Spain on March 2020 (shown as a gray vertical line) led to a marked decrease in the 
overall Port activity. This reduction is especially pronounced in the number of cruise liners movements. 

The distributions of the length of stay at dock in hours for the cruise liners and all vessels are shown in Fig. G.13. Most cruise liners 
spent around 12 h at the Port of Barcelona. 

Fig. G.12. Number of hourly total vessels docked at the Port of Barcelona between January 2019 and December 2020. Colour indicates the fraction 
of vessels that are cruise liners.  

Fig. G.13. Top panel: Distribution of the length of stay in hours at the Port of Barcelona for cruise liners. Bottom panel: same for all vessels.  

Appendix H. Low Emission Zone 

The vehicles affected by the Low Emission Zone in Barcelona (Grup d’Avaluació de l’Impacte de la Zona de Baixes Emissions ZBE 
Rondes Barcelona, 2021), launched in January 2020 but operational in practice since September 2020 when ticketing started, are: 
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• Petrol cars pre-Euro 3 (usually registered before 2000) and diesel cars before Euro 4 (usually pre-2005 or 2006).  
• Motorcycles and mopeds before Euro 2 (usually registered before 2003).  
• Vans, trucks and buses without an environmental label which have been progressively affected as follows:  

– From 1 April 2021, petrol vans pre-Euro 3 petrol (usually registered before 2000) and diesel vans pre-Euro 4 standard (usually 
registered before 2005 or 2006).  

– From 1 January 2022, trucks and small coaches prior to the Euro 4 standard (usually registered before 2006 or 2007).  
– From 1 July 2022, buses and coaches intended for public transport prior to the Euro 4 standard (usually registered before 2006 or 

2007). 

Appendix I. Feature cross-correlation 

The cross-correlation value between the numerical (non-categorical) predictors is shown in Fig. I.14. 

Fig. I.14. Cross-correlation coefficients for the non-categorical predictors.  

Appendix J. Permutation feature importance results 

The results for the Permutation Feature Importance (PFI) for all pollutants are shown in Fig. J.15. No permutation and full per
mutation are shown in red and blue lines respectively. The larger the decrease in the permuted case with respect to the non-permuted, 
the larger the impact of that predictor on the correlation coefficient R2.  
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Fig. J.15. Permutation Feature Importance for all pollutants. The two curves correspond to no permutation (in red) and full permutation (in blue). 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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