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Abstract

:

This paper examines the effect of the COVID-19 induced lockdown upon six pollutants, CO, NO, NO2, PM10, PM2.5, and O3, in the Spanish community of Madrid. The paper relies on clustering methods and multiple regression techniques to control for a battery of potential confounding factors. The results show that the nationwide lockdown, decreed on 13 March by the Spanish government, exerted a statistically significant effect upon most pollution indicators. The estimates range from approximately −82% (NO and NO2) to −3% (CO). Reversely, the COVID-19 induced lockdown raised O3 levels by an average of 20%. By using data from 43 stations spread out among the region, the paper provides a local level analysis. This analysis reveals substantial differences across areas and across pollutants. This observation indicates that any successful approach to improve air quality in the region must be multidimensional.
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1. Introduction


Air pollution is one of the biggest public health hazards worldwide on account of its impact on public and individual health. Exposure to air pollutants is associated to chronic asthma, pulmonary insufficiency, cardiovascular diseases, and cardiovascular mortality. Air pollution kills an estimated seven million people worldwide every year [1]. Moreover, it is associated with climate change and global planetary warming, which ultimately affect people’s health and well-being through food safety issues, damage to plants, floods, and forced migration.



Lockdown responses to COVID-19 triggered unprecedented falls in road traffic (15–91% between March and June 2020 in Madrid) and economic activity at a global scale between January and June 2020 due to mobility restrictions and social distancing [2]. As a result, researchers started to assess the impact of COVID-19 induced partial and total confinements on air quality and the environment [3,4], especially focusing on major global cities [5,6,7,8,9,10,11]. The interest on the topic stems from the fact the COVID-19 induced lockdown provides quasi-experimental evidence that can be used to simulate the impact of drastic policies aimed at reducing emissions and traffic pollution.



The literature documented very large and significant drops in particle pollution following the COVID-19 lockdown measures. Tobías et al. used daily data from three monitoring stations in Barcelona to assess the effect of the lockdown measures in Spain on a variety of pollution particles, including PM10, PM2.5, SO2, O3, NO2, and black carbon [12]. By comparing a pre-lockdown period (16 February–13 March 2020) with the first two weeks of lockdown (14 March–30 March 2020), they found that pollution particles decreased between 19% and 50%. Baldasano focused on NO2 levels and employed hourly data from a larger set of monitoring stations in Barcelona and Madrid (9 and 24, respectively) [13]. To account for the role of meteorological factors, he split the observation period (March 2020) into three subperiods according to precipitation and wind conditions. These subperiods were then compared with their counterparts in 2018 and 2019 to produce percentual variations of NO2 hourly averages, hourly concentration, and maximum hourly peak values. Average decreases in NO2 were found to be between 50% and 60%. Additionally based on Spanish data, Briz-Redón et al. investigated the impact of short-term lockdown during the period from 15 March to 12 April 2020 on the atmospheric levels of CO, SO2, PM10, O3, and NO2 in 11 Spanish cities [14]. Their results pointed to significant differences across cities.



At the international level, Collivignarelli at al. examined a variety of pollutants in the Milan metropolitan area before and during the lockdown [15]. A particularity of their analysis was that they discriminated between a partial lockdown period in Milan (9 March–22 March) and the total lockdown (23 March–5 April). A second refinement was that they took into account differences in meteorological conditions (wind speed, rainfall, relative humidity, temperature, and solar irradiance) when comparing the lockdown period with the reference period. Other papers adopted a broader scope by considering larger regions and multiple international cities. However, this comes at the cost of introducing additional heterogeneity in the results due to differences in intensity and timing of the lockdowns and diverging meteorological conditions. Chauhan and Singh gathered PM2.5 data from nine cities (New York, Los Angeles, Zaragoza, Rome, Dubai, Delhi, Mumbai, Beijing, and Shanghai) and compared a lockdown period (March 2020) with data from previous years [5]. The results ranged from some −10% up to −50%. Sicard et al. analyzed hourly O3, NO, NO2, PM2.5, and PM10 levels in five cities (Nice, Rome, Valencia, Turin, and Wuhan) before and during their respective lockdowns [16]. In line with Chauhan and Singh, their results showed remarkable differences across cities, partly because of the different meteorological conditions and timing and intensity of lockdown measures across areas. Evangeliou et al. focused on black carbon (BC) emissions in Europe [17]. They showed that BC emissions decreased by 32 %, 42%, and 29% in Western, Southern, and Northern Europe, respectively, as compared to the same period (January–April) in the last 5 years. Additionally covering a large geographical, Sharma et al. analyzed the lockdown effect on India and obtained reductions in the air quality index (AQI) of between 15% and 44% among different regions [18].



In sum, researchers observed a substantial fall in NO2 levels during COVID-19 induced lockdown periods. NO2 concentration is related to reductions in light vehicle traffic and the closure of small business activities. They also reported declines in PM2.5 concentrations, even though such decreases were less intense than those of NO and NO2. A candidate explanation is that PM2.5 was emitted by diverse non-transportation activities that kept operating during the confinements, such as agroindustry, residential energy use, and power generation. On the other hand, tropospheric O3 concentration tended to increase in big cities due to lower NOx (NO + NO2) levels.



The present paper examined the effect of COVID-19 induced lockdown (LD) upon six pollutants, CO, NO, NO2, PM10, PM2.5, and O3 in the Spanish community of Madrid (CM). The data were taken from daily measurements from the 43 stations spread out among the region and covered the period between 1 January 2018 to 20 June 2020. The paper relied on multiple regression techniques to model pollution as a function of a variety of relevant factors, including meteorological conditions, Saharan dust intrusions episodes, calendar effects, anti-pollution traffic policies in the CM and, the crux of our analysis, the nationwide LD decreed on 13 March by the Spanish Government. This measure was deemed as one of the strictest quarantine regimes in Europe and lasted until June 2020.



The paper contributes to the literature along several dimensions. Firstly, most papers on the topic typically relied on a statistical comparison between pollution levels during the LD period (generally March 2020) and a previous reference period. While this approach is useful to assess the extent of variation in pollution following the LD, it does not control for other factors that may be also at work. Adjacent periods and identical calendar periods in different years may differ in characteristics other than the LD, including rain and temperature conditions, wind flows, and traffic intensity, among other factors. The multivariate approach adopted in the paper allowed us to control for such characteristics explicitly and to factor them out from the LD effect. In other words, the LD effect reported in the paper was ceteris paribus, i.e., holding all those other factors constant.



Secondly, following EU′s recommendations, Spain implemented a set of environmental policies to reduce traffic related pollution over the last years, including severe traffic restrictions in major city centers. One of the most far-reaching regulations was the creation of a low emission zone (LEZ) in Madrid, the so-called Madrid Central, a traffic ban on high CO2 emitting vehicles in Madrid city imposed by the city hall on 24 November 2018. While there is consensus that this initiative reduced pollution by between 10–20% in the city, there is an ongoing debate on how extending traffic restrictions to other areas would affect the entire community [19]. Thus, the paper fit daily pollution data to a multivariate regression that included a battery of explanatory variables. By comparing the model′s coefficients, we could appraise the magnitude of the LD effect relative to the other determinants of pollution, including Madrid Central. This allowed us to shed light on to what extent a more severe and extensive traffic ban would affect the entire CM.



Thirdly, when analyzing the effects of the lockdown on air pollution, much of the focus was put on regions and countries. By relaying very detailed local data from 43 stations in a small region of Spain, this paper documented how and to what extent the results could be heterogeneous, even across adjacent sites.



Fourthly, we considered a battery of pollutants, including CO, NO, NO2, PM10, PM2.5, and O3. Previous research showed that confinement measures may have a differential effect on various pollution indicators. Therefore, we fit a distinct regression for each atmospheric pollutant. By comparing the coefficients across regressions, we could document the various effects of the LD measure (and the remaining explanatory variables) upon the various atmospheric pollutants. As we show, this strategy is crucial to highlight diverging patterns that some explanatory variables exert on the various pollutants.



Our paper is close in spirit to Briz-Redón et al., who relied on econometric regression to assess the impact of the COVID-19 induced lockdown on 11 Spanish cities, including Madrid [14]. Still, while their paper used data from one monitoring station in the Madrid center, we based our analysis on 43 monitoring stations, 21 of which corresponded to Madrid city. This more differentiated analysis allowed us to examine the local level marginal impact of the lockdown and to identify the areas that, for the various pollutants, recorded the highest and the lowest impacts. We claim that the lockdown effect was heterogeneous across areas, however adjacent they can be. This pattern is suggestive of a complex behavior of CO, NO, NO2, PM10, PM2.5, and O3 pollutants within the CM.



The paper is organized as follows. In Section 2, we describe the dataset that was considered as well as the statistical instrument used to manage it. In Section 3, we outline our results. Finally, in Section 4 and Section 5, we discuss our main findings and present the conclusions.




2. Methodology


2.1. Data


The CM is one of the seventeen autonomous communities of Spain. In 2019, the Madrid metropolitan area had a population of 3.3 million (the population of the CM region is estimated to be about 6.5 million), which makes it an important city in terms of population and economic activity within the European Union. With an administrative territory formed by 40 surrounding municipalities with an extension of 5300 km2, it is composed of two areas of urbanization: an inner ring and an outer ring. In particular, the largest suburban areas are located on the southern zone along the roadways leading out of Madrid.



The number of circulating vehicles in this agglomeration increased significantly in recent years and, as in many other large European cities, road traffic became the main cause of atmospheric contamination, turning pollution into a major source of public concern [20]. To monitor and control air pollution in the city, the Madrid City Council created in 2014 the Integrated Air Quality System (IAQS). The IAQS is designed to produce a continuous flow of indicators regarding air pollution within the municipality. This information is then used for surveillance, forecasting, and information purposes. The surveillance system consists of automatic remote stations, which are spread all over the territory of the CM, as displayed in Figure 1a,b (the latter represents an enlarged version of the area outlined by the blue line in Figure 1a). The air quality monitoring stations are of five different kinds: urban (U), sub-urban (SU), remote (R), rural background (RB), and urban traffic (UT). Each air monitoring station is classified according to the area′s features (traffic levels, population, distance to the capital′s city center, etc.), and under no circumstances are biases among data collected at different stations according to this classification.



In this paper, we relied on air quality data collected at 43 stations of the CM, 22 of which corresponded to the network operating under the regional authority control, and the remaining 21 were monitored by the municipal air quality network of Madrid city. The data were issued, respectively, by the Atmospheric Quality Area-air Network of the autonomous region and the Atmospheric Protection Service of the Madrid Council. The time span of the sample was from 1 January 2018 to 20 June 2020, i.e., there were t = 902 observations for each air station pollutant analyzed.



Ozone was measured with ultraviolet absorption at 253.7 nm, nitrogen oxides by means of the chemiluminescence analyzer, and PM2.5 (in µg/m3) and PM10 (in µg/m3) via beta absorption technique. Chemiluminescence measurement method was applied on NO (µg/m3) and NO2 (µg/m3) pollutants, while non-dispersive infrared spectrometry was used to measure CO (µg/m3). The measurement and the processing of data were identical across stations. The daily average concentrations for CO, NO, NO2, PM10, PM2.5, and O3 were calculated throughout the 2018–2020 period using the hourly concentration of the different air pollutants.



In addition, meteorological data were downloaded from the Open Data platform of the Spanish Meteorological Agency (AEMET) via its Application Programming Interface (API). In order to associate meteorological stations with air quality monitoring stations, the closest one (using great circle distance) was chosen to obtain the meteorological variables of interest at the 41 localities where air quality monitoring stations were located: temperature (°C, minimum, mean, maximum), precipitation (mm), wind speed (kph), and Saharan dust episodes. Dust episodes were recorded at the regional level by the Ministry for Ecological Transition of Spain (MITECO) and are publicly available [21].




2.2. Econometric Aproach


We modeled concentration of pollutant k at station s as a function of explanatory variables.


  ln      P  s k t     =  α  s k   +  β  s k   L  D t  +  γ  s k    X  s k t   +  ε  s k t    



(1)




where    P  s k t     is the average daily level of pollutant k at stations on day t, LDt is a binary variable that takes value 1 if the lockdown was in place, zero otherwise, X is a full vector of control variables, and    ε  s k t     is an error term. Parameter βsk (marginal impact) captures the effect of LD on pollutant k in station s and therefore was the object of detailed analysis. The intercept and the effect of the remaining explanatory variables were captured by    α  s k     and    γ  s k t    , respectively.



We took logarithms of pollution levels because their distribution was highly right-skewed. That is, there were few days where the pollutant levels were considerably higher than the rest of the days, as we show in Section 3.3. A second reason is that, by taking logs, all the estimated effects could be interpreted in percentage terms. A separate equation was estimated for the various pollutants considered in the paper (CO, NO, NO2, PM10, PM2.5, and O3).



Weather patterns (temperature, precipitation, wind speed) can considerably affect ground level pollutant concentrations and thereby compromise the observable effects of the LD [2,9,22]. Therefore, meteorological factors were taken into account in the regression model. Specifically, vector X included: daily maximum temperature (in °C), daily minimum temperature (in °C), daily average wind speed (in kph), and daily rainfall (in mm).



As with many other regions of the world, Spain can be affected by Saharan dust intrusion episodes, which can influence pollution levels. To capture this potential effect, X also included a dummy variable that took value 1 in the case of a Saharan dust episode. Vector X also included a binary variable to account for weekend days (Saturdays or Sundays), as economic activity and mobility were less intense during these days.



Finally, to control for the impact of Madrid Central, the low emission zone based on traffic restrictions at the very center of Madrid, an additional variable was introduced in vector X. This variable took value 1 after the creation of Madrid′s LEZ (24 November 2018) and zero otherwise. Although Madrid Central remained operational during the LD period, we set this variable to zero once the LD was decreed. This choice was intended to avoid capturing redundant characteristics, as confinement measures prevented, on their own, nearly all vehicle traffic in the Spanish capital’s city center. Moreover, municipal authorities decided not to sanction the entry into Madrid′s LEZ during the LD period in order to facilitate the mobility of workers within the area.



Finally, Equation (1) was fit to the data through ordinary least squares (OLS), a procedure that factored out, from the LD effect (   β  s k   )  , the effects of the remaining variables included in X. In other words, the LD effect reported in the paper was ceteris paribus, i.e., holding all those other factors constant.




2.3. Cluster Analysis


To obtain a typology of stations according to the initial levels of pollution and their evolution during LD, a cluster analysis was carried out. We used, as clustering variables, the average levels of pollutants in the period March–June of the years 2018 and 2019 and the percentage of variation in the LD period with respect to those average levels. The pollutants considered were NO, NO2, and O3, which were those recorded by the highest number of stations as possible. Consequently, the number of grouping variables considered was eight: average daily levels during the months of March to June of the years 2018 and 2019 of the pollutants aforementioned, relative change (in percentage) in the average daily levels of those pollutants, and comparing the average daily levels during the period of LD with the average levels during the months of March to June of the years 2018 and 2019.



The final clustering was obtained via k-means algorithm. A hierarchical cluster was made in the first place, and the optimal number of clusters was four.




2.4. Pollution Maps


Considering the average daily level of pollution before and during the COVID-19 containment period for each pollutant, the construction of pollution maps allowed us to carry out an exploratory analysis on the behavior of each of the pollutants within the CM.



Given a set of air quality stations, the pollution maps show the mean levels of NO, NO2, and O3 pollutants prior to the LD period (average daily levels in the period from 1 January 2018 to 13 March 2020) and the mean daily level during the LD period over the whole territory of Madrid region.



As the real values were limited to the stations (less than 40 points), in order to get the pollution maps, the average levels of each pollutant were estimated for the grid.



For each point in the grid, the level of each pollutant was estimated as a geographical weighted average of the pollution of all AIQ. The weights were calculated using a gaussian kernel, with adaptative bandwidth related to the distance of each grid point to the nearest monitoring station with real data [23]. This way, the pollution level of each point depended more intensely on the closest stations and less on the farthest ones. In the case of the more isolated stations, the effect of decaying weights according to distance was less intense. A set of mathematical elements were defined.



	
I: Set of points in a grid of 200 × 200 points. i ∈ I.



	
K1: Set of pollutants upon which pollution maps are built; NO, NO2 and O3. k ∈ K1



	
Jk: Set of air monitoring stations that measure pollution levels of pollutant k. j ∈ Jk.



	
dij: Geographical distance between point i and j station.



	
hi: Geographical distance to the nearest monitoring station from the grid point i to j. Mathematically, it is defined as: Min{ dij }; k ∈ K, i ∈ I, j ∈ Jk.



	
wij: Weight associated with the distance between grid point i and air quality station j. It was calculated as: exp{−(dij/hi)2}; k ∈ K1, i ∈ I, j ∈ Jk.



	
w*ij: Relative weight associated with the distance between grid point i and air quality station j. It was calculated as: w*ij = w*ij/∑ wij; k ∈ K1, i ∈ I, j ∈ Jk.



	
Ŝik: Estimated average pollution level measured in µg/m3 of pollutant j in point k of the grid.






Analytically, for each pollutant k, the estimated pollutant level for point i was computed as a weighted average of the pollutant levels of the Jk monitoring stations which had data for pollutant k (Equation (2)).


    S ^   i k   =   ∑   j ∈  J k     w  i j  *   p  j k     k ∈  K 1  ,   i ∈ I  



(2)







The initial data processing was performed using the software MATLAB-R2020, while the pollution maps and clusters were developed using the R statistical package tidy, verse, and ggplot2 [24]. The regression estimates and marginal effects were obtained using the map system and analysis tools provided by the Tableau V2020.3.1 information system/software.




2.5. Lockdown Period Determination


The CM was the area where the first COVID outbreak was detected on 6 March. By 9 March, the cases almost tripled in just 24 h, and the Madrid regional government decided to close educational institutions and delayed scheduled medical operations to stop the virus from spreading.



Faced with a growing number of deaths and the unwillingness by many citizens to follow social distancing measures, the Spanish government announced a nationwide lockdown on 13 March through the “state of alarm” [25]. It was deemed as the strictest quarantine regime in Europe [26]. The main objective of such drastic measures was flattening the infection curve and decreasing the disease′s reproduction number in highly populated areas [27]. On 31 March, a further strengthening of the LD was enacted, banning all non-essential activities.



The strengthened lockdown was abandoned on 13 April, and confinement started to be relaxed between 26 April and 4 May when children and adults were allowed to perform leisure activities outdoors, and a four-stage de-escalation plan was proposed to progressively lift lockdown restrictions according to each region′s epidemiological situation. The “state of the alarm” was extended by the Spanish Congress until 21 June, when all citizens were allowed to move freely between the country′s regions, and each region took leads from the central government to decide which restrictions should remain locally.





3. Results


3.1. Meteorological Analysis


Relevant meteorological differences were evidenced in 2018, 2019, and 2020 when comparing the period between 14 March and 20 June relative to each year. According to AEMET, the average daily temperatures were approximately 3 °C lower in the north of the CM in comparison with Madrid capital and the southern regions. In year 2018, there were 31 days with daily temperatures below 10 °C in the north of the CM, while in 2019, there were 26, and in 2020, only 19 days. As for Madrid city center, year 2018 registered 21 days with average temperatures below 10 °C, while in 2019 and 2020, only 8 and 9 days were recorded, respectively. As for precipitations, year 2019 was drier in the capital′s city center than 2018 and 2020 (relative to the period between 14 March and 20 June), both in terms of total precipitation (86.9 mm in 2019, whereas in 2018 and 2020, there were 219.8 and 227.3 mm, respectively) and rainy days (in 2018, there were 29 days with daily precipitations exceeding 2 mm, 10 days in 2019, and 24 days in 2020). In northern regions, rains were heavier in 2018 and 2019, as during our study period, they recorded total precipitations of 270.6 and 100.3 mm, respectively. Nonetheless, through the 2020 “state of the alarm”, Madrid city center registered higher total precipitations (227.3 mm) than northern areas of the CM (223.2 mm). Rainy days were less frequent in northern regions in 2018 and 2020 (28 and 22 days with daily precipitations over 2 mm during the same period, respectively) than in the city center, while 2019 was characterized by a higher number of rainy days in the north (13 days).



When wind was considered, there were no huge differences, although, during the 2020 LD period, its average daily speed was slightly lower (2.79 kph) when compared to the previous two years (3 kph in 2018 and 3.25 kph in 2019).



These changes in daily mean precipitation levels in various areas of the CM during the past three years require controlling meteorological variables to properly analyze the LD measures′ impact on pollution levels [28].




3.2. Spatial Analysis of Pollution Data


Equation (2) allowed us to represent pollution maps that outlined daily mean concentrations of NO and NO2 pollutants. These showed a decline in pollution levels during the LD when compared to the same period in pre-COVID years (see Figure 2a–d). These reductions were more pronounced in the central area of the CM. However, average daily concentrations of O3 registered increased during the LD period, principally in central and southern regions of the CM (see Figure 2e,f).




3.3. Time Trends in Pollution Levels


Figure 3 shows the evolution of NO2 concentration in two selected stations over the sample period. The left chart corresponds to a site that is in the very center of Madrid (Plaza del Carmen), while the right chart corresponds to a distant, rural station (Villa del Prado). The creation of the LEZ in downtown Madrid and the onset of the LD period are identified by vertical lines.



The data from the urban station showed a slight decrease in NO2 concentration following the creation of the LEZ. As expected, the evolution of NO2 levels in the rural site appeared to be quite unrelated to the LEZ in Madrid center. A similar pattern was found when other urban and rural sites were considered and when we switched to other pollution particles, namely NO, NO2, PM10, and PM2.5. We interpreted these data as preliminary evidence that the LD possibly resulted in significant and asymmetric effects upon air pollutants. Still, weather conditions also play their role, and one needs to take them into account when isolating the true LD effect. In the next subsection, we turn to the full econometric setting, which allowed us to control for a variety of factors.



In the regression stage of the paper, the daily average of each pollutant was log transformed because their distribution was highly right-skewed. This can be seen in Figure 4, which shows the histogram of daily levels of NO2 at the two selected monitoring stations.



In this section, we characterize the relation between pollution levels and the explanatory variables of the model. In Table 1, we report the results. To highlight general patterns, the estimates were averaged across stations. Since some stations do not monitor specific particles, the subsamples differed across columns. The R-squared coefficients shown in the bottom part of the table indicated that the set of explanatory variables used in the paper could account for a sizable share of the daily variation in pollution levels observed in the data. This share ranged from 37.0% (PM2.5) up to 63.6% (NO2).



The effect of the LD was highest on two pollutants, NO and NO2, with average reductions of 82% relative to the pre-LD period (1 January 2018–13 March 2020). Below the coefficients, we report the share of monitoring stations where the estimated parameter was found to be negative and significant at the 1% level. This condition applied to all but one station in the case of NO. Decreases in NO and NO2 were triggered by drastic reductions in social mobility during the reference period, characterized by a nearly inexistent use of means of transport (air and terrestrial).



The LD also had a significant impact on PM10 and PM2.5 concentrations, with average decreases of 23.4% and 18.9%, respectively. These effects were statistically significant at more than 80% of the stations. The concentration of CO was also negatively associated with the LD, although the average effect was relatively small (−3.5%). While Table 1 is intended to capture average effects, it is also suggestive of substantial heterogeneity across stations. The LD effect on CO was negative and significant at 73% of the sample stations but positive and significant at the remaining stations. In the next section, we present a local level analysis to discuss the extent of heterogeneity with more detail. Finally, we detected an upsurge of ozone levels following the LD. The effect, 20.4% on average, was statistically significant on 73% of the sites. The increase in tropospheric O3 pollution was due to this pollutant′s complex formation process, which was inversely influenced by changes in NO and NO2 levels.



As for the remaining variables of the model, the daily maximum temperature was associated with higher pollution levels. This effect tended to be significant on most sites and was relatively larger when it came to tropospheric O3. Specifically, a 1 degree increase in the daily maximum temperature was associated, ceteris paribus, with a 3.2% increase in O3 concentration. This effect ranged from 0.9% (PM2.5) to 2.7% (PM10) when we inspected the remaining pollutants and turned to practically zero in the CO equation. In this case, the estimated coefficient was non-significant in most (73%) cases. These effects were practically reversed when we switched to daily minimum temperatures. Lower minimum temperatures may lead to pollution peaks, especially in winter, as they are correlated with temperature inversions during the night and with shallow depths of mixing layer during the day, also leading to very weak winds near the surface and high levels of air pollution in cities.



Wind speed was associated with significant improvements in air quality. A 1 km/h increase in wind speed induced a decrease in pollution levels that ranged from 23.1% (NO) to 2.1% (CO), the effect being negative and significant at most stations. The exception to the overall pattern was, again, O3. In this case, air recirculation was associated with a higher concentration, a pattern that could be observed at all surveyed stations. This result matched a priori expectations, as wind transferred O3 from those areas where it was produced (regions surrounded by heavy economic activities and intense traffic) to areas far away from metropolitan areas (rural areas), many times covering great distances [29]. In Madrid, the highest O3 levels were historically observed in rural areas, as the conjunction of wind and the city′s orographic features led to the displacement of this particle from urban zones (where it was generated) to areas located more than 20 km away from the city [30].



The quantum of rain tended to be negatively associated with NO, PM2.5, and PM10, the effect being significant in at least 50% of the stations. Rain was also negatively related to CO levels, although this effect was significant in only 27% of the areas and was mildly positively related to O3 levels. Reversely, Saharan dust episodes exerted a negative effect upon air quality. The coefficient of this variable was statistically significant at most stations and ranged from 52.2% (PM10) to 2.6% (NO).



As expected, the creation of Madrid′s LEZ translated into lower average pollution levels. However, the effects were heterogeneous across pollutants and geographical areas. NO, NO2, and O3 concentration decreased by an average between 6.3% and 8.5%. Still, only at between 36% and 52% of the sample stations was this effect found to be significant. Moreover, Madrid′s LEZ was associated with slightly higher, not lower, average concentrations of CO, PM2.5, and PM10 particles. Although this effect was significant at less than one third of the monitoring stations, the positive relationship might seem surprising. However, it should not be so if we consider that CO, PM2.5, and PM10 are three compounds that come from different chemicals generated from direct sources (construction sites, un-paved roads, fields, smokestacks, fires, or waste incineration) but also from complex reactions of chemicals such as sulfur dioxide and nitrogen oxides in the case of PM2.5 and PM10 [31,32]. As becomes apparent in the next subsection, Madrid′s LEZ reduced pollution levels very significantly in the city center but resulted in sensitive increases in pollution in adjacent areas.



Finally, pollution decreased substantially during weekends due to lower vehicle use on Saturdays and Sundays relative to ordinary weekdays. The effect was particularly evident in the case of NO (−44.2%) and very moderate when accounting for CO and PM2.5 concentrations. On the flip side, due to the reduction in NO and NO2, tropospheric O3 levels increased by an average of 12.4% during weekends.




3.4. Local Analysis


In this section, we present a local level analysis to examine to what extent the relation between pollution levels and the key variables of the model differed across sites. To provide a geographical perspective, we report the information on the maps depicted in Figure 5 and Figure 6. The left-hand side contains the estimates of the LEZ effect by monitoring station, while the right-hand side captures the LD effect. Dark green is used for large negative effects, while dark red denotes large positive effects.



By taking the LEZ variable as a reference against which LD effect was compared, we could contextualize the pollution-reducing scope of current traffic restrictions in Madrid. Panel (a) of Figure 5 shows that the creation of Madrid′s LEZ resulted in very modest decreases of CO concentration within the city of Madrid and nearby areas. On two relatively distant sites (Colmenar Viejo and Orusco de Tajuña), the effect turned out to be positive and above 10%. These effects (and other unexpected effects contained in Figure 5 and Figure 6) were probably due to the reconfiguration of traffic patterns and human activity following the LEZ and the LD. We must recall that only 11 out of the 43 stations used in this study measured carbon monoxide levels. Using the same map, Panel (b) focuses on the LD effect upon CO. This ranged from −17.5% to −3.7% and turned to positive in three cases. The most remarkable reduction corresponded to Plaza Elíptica, a very central site characterized by heavy traffic, while changes were barely noticeable in peripheral areas. This was probably due to the intensive use during the LD period of household appliances such as stoves, heaters, and domestic biomass boilers.



The remaining panels offer a similar comparison between the LEZ and the LD effect. In these cases, we made use of the larger set of available stations and provide two maps, one for sites located outside the city of Madrid, at one for stations located within the metropolitan area. Thus, for instance, Panel (g) of Figure 5 shows that the creation of Madrid′s LEZ resulted in large decreases of NO2 concentration in nearby surrounding areas of Madrid. Such decreases ranged from −20.2% to −0.2%, and turned positive in only three cases. Therefore, the NO2-reducing scope of Madrid′s LEZ was remarkable, taking into account that it comprised a small area of the city center (4.7 km2) and that some of the stations included in the map were more than 25 km away from Madrid. However, this was not the case when we considered other pollutants such as PM10 and PM2.5 (Panels (e) and (i) in Figure 5). In these cases, the LEZ effect was very limited, if not positive, in locations nearby Madrid city.



Panel (i) of Figure 5 reports the effect of the LEZ on NO2 concentration within the city. As expected, these estimates were larger than in Panel g), ranging from −21.1% to −0.5%. At one station (Casa de Campo), the creation of Madrid’s LEZ resulted in higher NO2. Panels (h) and (j) also focused on NO2 levels but now refer to the LD effect. This ranged from −105.8% to −34.8% outside the city of Madrid and from −47.5% to −124.8% within the city. The large reduction in economic activity and vehicular traffic (passenger cars, heavy duty vehicles, and buses) in central Madrid accounted for these relatively larger effects. Although Barajas (the Airport zone) and Coslada are outside Madrid, these two sites also registered considerable declines. This was so because of the plunge in air traffic during the first settlement and a reduction in road traffic in the second one.



All in all, these results suggest that, first, the LD effect was, in some cases, one order of magnitude above the LEZ effect and, second, that there was substantial heterogeneity across sites. This can also be seen in Figure 6, which focuses on O3, PM2.5, and PM10. In contrast to the patterns exhibited by NO and NO2, the largest increases in O3 were registered within the capital and in regions traditionally affected by heavy air or road traffic, such as Barajas, Coslada, and Plaza Elíptica (Panels (b) and (d)). O3 concentration rose only slightly in rural areas, where ozone levels were regularly high before the LD [33].



According to the results, the behavior of CO, NO, and NO2 differed from the patterns of O3, PM10, and PM2.5 observed. The largest reductions of the first set of pollutants were found in areas characterized by intense economic activity, high social mobility, and heavy traffic. In contrast, it was mainly in rural areas where the second set of pollutants registered the most significant drops. This diverging pattern demonstrates the complexity faced by environmental policies, which typically intend to reduce the concentration of all air pollutants simultaneously.




3.5. Cluster Analysis


Using clustering techniques [34], we detected in the data four areas of pollution. Cluster 1 (blue color points on the Figure 7) detects the area of Madrid capital characterized by reductions in NO and NO2, whose average decreases were 21.3%, 43.6%, and a 56.9% increase in O3 levels.



Cluster 2 (green color points on the Figure 7) identifies basically the areas with very low emission levels due to limited traffic; among them, we included rural settlements and metropolitan areas with abundant vegetation, such as Casa de Campo and El Pardo. This means that declines in NO and NO2 were lower and, consequently, the rise in O3 was less pronounced than in Cluster 1 (by 13% on average).



Cluster 3 (orange color points on the Figure 7) detects the northeast of the CM, characterized by significant percentual falls in NO and NO2 (by 24.7% and 51%, respectively).



In Cluster 4 (red color points on the Figure 7), two areas stand out: Escuela Aguirre and Plaza Elíptica, both with a very heavy traffic under normal circumstances, where the LD led to a plunge in NO levels by 150.8% on average.



Finally, we would like to express that, here, we characterized the changes produced in air quality during the LD. We do not pretend to attribute specifically nor quantify the effects of the LD, since other factors possibly influenced these changes, such as meteorology and regional and long transport of pollutants. An in-depth analysis is required to obtain this information accurately.





4. Discussion


This paper provides evidence that the COVID-19 induced LD resulted in significant decreases in a battery of pollutants, including NO, NO2, PM10, and PM2.5. The estimates ranged from approximately −82% (NO and NO2) to −19% (PM2.5). Reversely, we found that the LD led to significant increases of approximately 20% in average O3 levels. These estimates were within the range of earlier estimates reported in the literature. Thus, for instance, the previous estimates on PM10 and PM2.5 ranged from −50% to −5% in international studies [4,15] and from −28% to −8% when we considered Madrid-based data [11,13]. Perhaps the most remarkable difference with earlier estimates was the somewhat large effect of the LD upon NO and NO2 found in this study of about 82%. Previous estimates ranged from −53% to −25% in international studies [7,15,35] and from −56% to −30% in Spain [12,13,14]. A possible explanation is that, while earlier papers were mostly based on data from March and the first fortnight of April 2020, this paper covered the entire lockdown period in Spain (March 2020–June 2020). A second difference is that the results reported here were based on econometric regression and, therefore, were controlling for potentially confounding factors. Finally, we made use of a large set of stations within the region (43), covering a 5300 km2 surface, many of them located in Madrid city center and subject to very intense traffic and social mobility before the LD.



The reduction of pollution was more prominent in the Madrid metropolitan area than in peripheral areas, except for tropospheric ozone. This pattern was consistent with the notion that, in the metropolitan area, the disruption of economic activity induced by the LD was more intense than in other areas. Urban NO2 is emitted by combustion processes, mostly by road traffic in urban areas, particularly by diesel engines and, to a lesser extent, gasoline vehicles, industry, power generation, and shipping [12,36].



Decreases in PM10 and PM2.5 were less pronounced than variations in NO and NO2. This was so because particulate matter tends to persist in the air for long periods and are emitted in large quantities [37]. Particulate matter is made up of hundreds of different chemicals that are generated from direct sources (construction sites, unpaved roads, fields, smokestacks, or fires) but also from complex reactions of chemicals such as sulfur dioxide and nitrogen oxides. While the LD had a clear impact on direct sources, its impact on indirect sources is less clear-cut [38].



O3 concentration increased in most settlements of the CM, except in Colmenar Viejo, Aranjuez, and Orusco Tajuña. These sites were precisely those with lowest NO and NO2 reductions following the LD. These observations were consistent with evidence showing that decreases in NO and NO2 levels foster O3 formation in urban areas [12,30]. Moreover, decreases in NO reduce O3 consumption (titration, NO + O3 = NO2 + O2) and trigger increases in O3 concentrations. At the same time, the usual increase of insolation and average daily temperatures from March to June led to an increase in O3 [31]. Such increases were exacerbated by three Saharan dust episodes in 2020 (the first from 18 March to 21 March, the second from 7 April to 9 April, and the third from 1 June to 3 June) [12].



One of the main contributions of the paper is documenting existing differences between adjacent local areas when appraising the LD effect. The simultaneous use of ground-level data from 43 stations covering a large time span provides a clear picture of remarkable heterogeneity among sites. The effect of the LD on air quality cannot be summarized in an average sense. This also refers to Madrid′s LEZ. The results, which point to a sizable average effect ranging between −21.6% to −0.5% on NO2 at Madrid city, also suggest that the creation of Madrid′s LEZ resulted in large decreases of NO2 concentration in nearby surrounding areas of Madrid. Such decreases ranged from −20.2% to −0.2%. The NO2-reducing scope of Madrid′s LEZ was remarkable, taking into account that it comprised a small area of the city center (4.7 km2) and that some of the stations included in the map were more than 25 km away from Madrid. However, this was not the case when we considered other pollutants such as PM10 and PM2.5. This observation highlights the importance of considering a battery of pollutants when conducting this type of research.



The results were based on hourly, ground-based air quality data, while other related papers used satellite-based data [39]. In our view, although satellites allow one to consider the spatial variability of pollutants, they have a time-limited measurement that is representative only when the satellite passes overhead and a concentration of pollutants within a vertical column, rather than those in the breathing zone [35]. In contrast, hourly measurements fully capture temporal variability throughout the day.




5. Conclusions


The present paper examined the effect of the COVID-19 induced lockdown upon a battery of pollution particles in the Spanish community of Madrid. The average estimates ranged from approximately −82% (NO and NO2) to −3% (CO). Reversely, the COVID-19 induced lockdown raised O3 levels by an average of 20%. The data covered the period from 1 January 2018 to 20 June 2020 and, therefore, comprised the full length of the first Spanish lockdown, decreed on 13 March 2020 by the Spanish Government and lifted on June 21. This measure was deemed as the strictest quarantine regime in Europe.



One of the main contributions of the paper was to show that the lockdown effect upon pollution cannot be described as an average, for it is clearly heterogeneous across pollutants and across geographical areas. By relying on a large number (43) of monitoring stations in the region and by considering six pollutants simultaneously, the paper sheds light on the extent of heterogeneity. The reduction of pollution was more prominent in the Madrid metropolitan area than in peripheral areas, except for tropospheric ozone. This pattern, particularly evident for NO and NO2, was consistent with the notion that, in the metropolitan area, the disruption of economic activity induced by the lockdown was more intense than in other areas. Differences between urban and rural areas were smaller in the cases of PM10 and PM2.5 due to the more favorable condition or rural areas in terms of wind regimes, height, and air mass influence. Still, the results are suggestive of important differences between adjacent areas.



The results also showed that the effect of Madrid′s low emission zone (the so-called Madrid Central) upon NO2 within the city was significant, between −20% to −10%, and that surrounding areas also benefited from the initiative. However, the pollution-reducing scope of this initiative was dubious and even counterproductive in other cases, namely O3, PM10, and PM2.5 in Madrid periphery.



We can derive two policy implications from the results. Firstly, existing differences among geographical areas in the CM in terms of the evolution of air quality following the LD and the creation of Madrid′s LEZ should warn environmental policymakers that tackling the negative effects of pollution on the entire region requires a comprehensive view. There are conspicuous and heterogeneous effects that can be overlooked if the emphasis is put on the very center of Madrid. Moreover, the reduction in non-essential economic activities and mobility following the LD triggered unprecedented declines in a battery of air pollutants. However, the effects were asymmetric across pollution indicators and sites. Again, this gives further support to the notion that any successful approach to improve air quality in the region must be multidimensional.



Secondly, by comparing the LD and the LEZ effect, the paper shows that traffic restriction policies limited to the very center of Madrid can fall short when tackling pollution, especially in the cases of PM10 and PM2.5. In other words, the regional government and the City Hall should differentiate between areas characterized by permanent high concentrations of atmospheric pollutants with very harmful effects on human health (Madrid city center and its adjacent areas) and other regions where these concentrations represent a lower risk according to our cluster analysis (rural areas).



As a limitation, the paper did not control for the demographic or the orographic characteristics of the different areas. Arguably, population size, terrain contour, and wind direction are expected to play their role in determining pollutant levels. Similarly, the stance of the economic cycle may impact economic activity. During the first semester of 2020, Spain′s GDP decreased by more than 11%, where 1.5 million people lost their jobs [40,41]. It is likely that this unprecedented impact on household income and the labor market impacted significantly economic and pollution dynamics of the region.
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Figure 1. Distribution of air quality monitoring stations. (a) CM, (b) Madrid city center. 
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Figure 2. Daily average pollution levels before (left figure) and during the lockdown period (right figure). (a,b) NO, (c,d) NO2, (e,f) O3. 
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Figure 3. Daily average NO2 levels between 1 January 2018 and 20 June 2020. (a) displays NO2 levels at Plaza del Carmen air monitoring station, located in Madrid city center. (b) displays NO2 levels at Villa del Prado air monitoring station, located in a rural area. 
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Figure 4. Histogram of average daily levels of NO2 between January 2018 and June 2020. (a) Plaza del Carmen air monitoring station, (b) Villa del Prado air monitoring station. 
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Figure 5. The left-hand side contains the estimates of the LEZ effect by monitoring station, while the right-hand side captures the LD effect on pollution within and outside Madrid city; (a,b) CO in CM, (c,d) NO in CM, (e,f) NO in Madrid city, (g,h) NO2 in CM, (i,j) NO2 in Madrid city. 
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Figure 6. The left-hand side contains the estimates of the LEZ effect by monitoring station, while the right-hand side captures the LD effect on pollution within and outside Madrid city; (a,b) O3 in CM, (c,d) O3 in Madrid city, (e,f) PM2.5 in CM, (g,h) PM2.5 in Madrid city (i,j) PM2.5 in CM. 






Figure 6. The left-hand side contains the estimates of the LEZ effect by monitoring station, while the right-hand side captures the LD effect on pollution within and outside Madrid city; (a,b) O3 in CM, (c,d) O3 in Madrid city, (e,f) PM2.5 in CM, (g,h) PM2.5 in Madrid city (i,j) PM2.5 in CM.



[image: Atmosphere 12 00659 g006a][image: Atmosphere 12 00659 g006b]







[image: Atmosphere 12 00659 g007 550] 





Figure 7. Cluster result considering pollutants NO, NO2, and O3. 
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Table 1. Regression results by pollutant. Columns 3 to 8 display the estimated mean coefficients between the regression models of each independent variable (independent variable column) relative to each dependent variable (pollutant).
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	Independent Variables
	Description
	CO
	NO
	NO2
	O3
	PM10
	PM2.5





	Lockdown (1: yes; 0: no)
	mean
	−0.034
	−0.818
	−0.816
	0.203
	−0.233
	−0.188



	
	Negative and significant (%)
	73%
	98%
	100%
	0%
	89%
	80%



	
	Positive and significant (%)
	27%
	2%
	0%
	73%
	0%
	0%



	T max (°C)
	mean
	−0.0006
	0.010
	0.013
	0.032
	0.027
	0.009



	
	Negative and significant (%)
	18%
	12%
	5%
	0%
	0%
	10%



	
	Positive and significant (%)
	9%
	50%
	69%
	100%
	89%
	70%



	T min (°C)
	mean
	−0.004
	−0.083
	−0.043
	0.014
	−0.025
	−0.011



	
	Negative and significant (%)
	55%
	90%
	95%
	12%
	81%
	60%



	
	Positive and significant (%)
	9%
	0%
	0%
	61%
	0%
	10%



	Wind speed (km/h)
	mean
	−0.021
	−0.231
	−0.165
	0.157
	−0.108
	−0.123



	
	Negative and significant (%)
	82%
	98%
	100%
	0%
	100%
	100%



	
	Positive and significant (%)
	0%
	0%
	0%
	100%
	0%
	0%



	Rain (mm)
	mean
	−0.001
	−0.015
	−0.0001
	0.010
	−0.011
	−0.008



	
	Negative and significant (%)
	27%
	64%
	7%
	0%
	70%
	50%



	
	Positive and significant (%)
	0%
	0%
	2%
	64%
	0%
	0%



	Saharan dust (1: yes, 0: no)
	mean
	0.026
	0.181
	0.141
	−0.066
	0.522
	0.342



	
	Negative and significant (%)
	0%
	0%
	0%
	15%
	0%
	0%



	
	Positive and significant (%)
	82%
	76%
	88%
	0%
	100%
	100%



	LEZ (1: yes; 0: no)
	mean
	0.017
	−0.085
	−0.067
	−0.063
	0.046
	0.028



	
	Negative and significant (%)
	45%
	50%
	52%
	36%
	7%
	10%



	
	Positive and significant (%)
	36%
	5%
	5%
	3%
	33%
	30%



	weekend day (1: yes; 0: no)
	mean
	−0.012
	−0.442
	−0.281
	0.123
	−0.136
	−0.039



	
	Negative and significant (%)
	36%
	95%
	100%
	0%
	85%
	20%



	
	Positive and significant (%)
	0%
	0%
	0%
	88%
	0%
	0%



	R squared
	mean
	0.3752
	0.5762
	0.6355
	0.5469
	0.4796
	0.3703



	
	sd between models
	(0.186)
	(0.137)
	(0.099)
	(0.048)
	(0.073)
	(0.064)



	No. of models
	
	11
	42
	42
	33
	27
	10
















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2021 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg





media/file4.png
41.0° ol i‘ before
| ‘Iﬁ.\‘llrt-hy-n \‘|:, L.»'-

? / { L 60

B ) Nirnfioms de b Serra

40.8-' ,,-7”— — ‘-J‘\_\_CM“M~ tl&n

- (

B
O
o

- Erurwie
—— N

i
m Martin de Valdeighes s Vil

Latitude

.'Vila del Prado

NN
o
N

Longnudé

(a)

41.0- R ' before
\

u
| San behformo

{
oot Nirsdoms de bs Sers

- . ? B
/ B Colmenar deo Orejn W
A Fusnsasds SN ‘ N\ =
i \ /| ') Aranjuez Draned
40.0 Torrh /  Ahover de Tajo: L S
s ’ —
Jad phb« I
de the Morstnl Lo (
o )
“ {

39.8- : S
45 4.0 35 30

Longitude

(c)

03
before
80

Latitude

45 4.0 35 3.0
Longitude

(e)

Latitude

T NO2
lockdown

41.0-
.‘K‘«“ bR '._: 30 ' 60

4
Wi aiorn s oe by Sherrn

:

\

T el Corcedil A .
40.8 o
o~
Guatyrama 4_:“"‘0,"'“:’_ ( - 40
Colman ik
e et Vel
Gangagar, 2

4‘

NN
o
(6)]

i m&r
40.2- e

\
o Vikareje de Salvants
o e

Codmener i Orap

398 g 40 35  -3.0
Longitude

(b)

NO
lockdown

\‘ ? y
J {

N siorm e o by Sherrs
[
\

40_8 . il ---:(“\;’:uw:lh R :,5‘.,., : . - 30

I;NZZ‘EN "n’:cm'al‘-\:y. ".‘ - 4
Tris Carties | Mot »
Gangagor,

40.5- o
J : v W Can

Latitude

"\
Norats dn Tapirm

40.2-; e

o Vikareje de Salvants
o - -

Codmenar tha Orap

8,5 40 35 30
Longitude

(d)

lockdown

41.0- \
ynr i A 80

60

Latitude

398 5 40 35  -30 0
Longitude

(f)





nav.xhtml


  atmosphere-12-00659


  
    		
      atmosphere-12-00659
    


  




  





media/file11.png
[ ] PR
10.2%(4) L=y Impact LEZ(CO) i ‘
4 - ee—— R >
: -4.54 10.45 . % Impact LD(CO)
Stations 782 1290
1.Alcala de Henares. Stations
= 2.Arturo Soria. 1.Alcala de Henares.
3.Casa de Campo. 2.Arturo Soria.
4.Colmenar Viejo. D Gl
5 4.Colmenar Viejo.
5.Escuelas Aguirre. 5.Escuelas Aguirre.
3 g'x‘_":t?hz' a | 6.Moratalaz.
. 7.Méstoles. 7.Méstoles.
-1.3%(11) o] | 8.0rusco de Tajuiia. -5.9%(11) o B.Orusc‘:):sc Tajuita.
7.4%(1 }
O 1.9%(1) | 9.Plaza de Castilla. o 3,/.(9) -7.4%(1) 9.Plaza de Castilla.
-3.3%(9) ° i 10.Plaza Eliptica. : PY 10.Plaza Eliptica.
.-4.5%(5). 1.5%(2) 11.Sanchirro. .0-0%(5). -7.0%(2) 11.Sanchirro
' ‘ -3.7%(3) o
-1.7%(3) -7.1%(86)
-0.4%(6) 3
3.5%(10) 17.5%(10)
o
(] -4.8%(7)
5.7%(7) ‘ ¥
o 12.9%(8)
10.4%(8)
(a) (b)
° ‘ -39 8.7.(11)
-3.9%(11) :
WAtL=C0RD) Impact LD(NO)
-22.9 375 . A / Tae  se
o -11.;%(7) f 0 13 Stations : 4 . -86.01%(7) f LT Stations
-8.9%(86) 1.Alcalé de Henares. -112.8%(6) - 1.Alcala de Henares.
0.7%(4) 2.Alcobendas. ) -45.2%(4) ‘ AAobendas.
f 3.Alcorcén. Py Al 3.Alcorcén.
5.1%(2) e ;ﬁ"g:‘:-. £ ‘ 89.4%(2) 7 5.Aranjuez.
! TN &
v 37.6%(17) o -3.7%(1) 6.Collado Villalba. v L e 103%) , 7 Colmencs Vil
A gge f, g | D o d | e
A128%(3) 45.5%(12) o ey W P KTy AW © 10Guadaiix Sierra Norte.
Aauna) s T By 138%06) 11.Guadalix Sierra Norte 83.2%(14)° Ui LADIREN
: o -3.5%(10 o - e SR . ; : o 984%(10) . 13 Majadahonda.
. ¢ 22.9%(9) 34%(15) 13 Majadahonda. . 101.9%(9) RPEN N ' Sirmes Tapioe.
-7.9%(19) 14.Méstoles. ~26.7%(19) 16.Rivas Vaciamadrid.
y ° ~ ::glrusct‘; Taljauna;’"d - 74 02/.( 18) . :z.;ofkr’ciénd-hdox
3451 23%(20) . 17.Torrejon de Ardoz. ‘ ASE eVl derage
18.Valdemoro. 20.Villarejo de Salvanés.
? 19.Villa del Prado.
e 20.Villarejo de Salvanés. - 10%( 5) .
8.4%(5) -25.
(c) (d)
o
o Impact LEZ(NO) -38.2 %(6) ":'G::t LD(N;%);
-3.47%(6) -30.33  21.79 ° Stations 1
o Stations -40.1 %(18) » 1.Arturo Soria.
-7.5%(18) 1.Arturo Soria. -75.8%(17) 2.Av Ramon y Cajal.
2.4%(17) 2.AvRamon y Cajal. 3.Barajas
.Baraja ° 4.Casa de Campo.
S 3.Barajas -121.9 %(3) 5.Cuatro Caminos
4 59 4.Casa de Campo. -92.7%(11 5 e =
® : .5./.(3) S.Cuatro Caminos. -95.9.%(1 3) = .) :::1::;::0 de Vallecas.
2.9%(13) o 6.E Pardo. : - =122.4 %(19) - - .
-12.8%(11) -14.5%(19) ;¢ canche de Vallecas. ° 8.Escuelas Aguirre.
S _ Vageces o -114.3 %(2) 9 Mdfidez Alvaro
‘30-3%(14). ° -12.9%(2) :;’:::.;‘A‘:‘?::‘ -125.5%(5) 1;).Morata|az. i
ol e 0,
8.3%(12) -17.4%(1) 10.Morutalaz. N 9%"1":-2 1) 1) 11-Dyequpéen Cartos.
-30.3%(14), - ®-26.5%(8) T A e o 1399%012) o _169.8%(8) 13.Plaza de Castilla.
0 8%(‘) [ J g b -50.8 %(4) [ 14.Plaza del Carmen.
5 -15.1%(16) ° 13.Plaza de Castilla. -60.5%(16) o 15.Plaza Eliptica.
-20.02%(10) i;':‘"‘ ‘E"";t:'"“'" -116.6 %(10) 16.Parque del Retiro.
Plaza Eliptica. .
-19.50%(9) 16.Parque del Retiro. -1039%(9) R o
4 -8.3%(20) 17.Sanchirro. g % 19.Urb Embajada Barajas.
222%(15) ° 18.Tres Olivos. -135.0 %(15) 99.7 %(20) zo_v.“.::;ja e
-22.0%(7) 19.Urb Embajada Barajas. 89 4.% ) 21.villaverde Alto.
20.Vallecas. d
21.Villaverde Alto.
°
21.8%(21) °
74.1 %(21)

(e) (f)





media/file18.png
\

.
-l
-J

I
J e11
i 2 1
) :
r *18 22439
J 0‘..70‘24’ g
< 023
017
®19 ®15
®29..) . 14
It e/ D
,"rl \\\ -
T
A
N
AN~
/‘L’ )
v
—\V/

POYA
\
‘\.f
b’ <,
2 L
o1
04
I‘v—;)l ~ /"

®30

1.Alcala de Henares.

2. Algete.

3. Aranjuez.

4. Arganda del Rey.

5. Arturo Soria. /1
6. Casade Campo.
7. Collado Villalba.
8. Colmenar Viejo.
9.Coslada.

10. Coslada. !
11.El Pardo. £
12.Ensanche de V
13.Escuelas Agui
14.Fuenlabrada.
15.Getafe.

16. G}Jadalix Sierra Norte.

17. Leganés.
18.Majadahonda.
19.Méstoles.
20.0rusco de Tajuna.
21.Parque Juan Carlos I.
22.Pza. del Carmen.
23.Plaza Eliptica.
24.Retiro.

25. Rivas-Vaciamadrid.
26.Torrejon de Ardoz.
27.Tres Olivos.
28.Valdemoro.

29.Villa del Prado.

30. Villarejo.

Cluster

M Cluster 1
M Cluster 2
M Cluster 3
M Cluster 4





media/file16.png
o
-4.1%(4)

°
16.2%(3)

®
A1.7%(11)

o
6.8%(8)

o
-29.5%(1)

®
-2.9%(10)

o
9.9%(9)

°
-9.7%(12)

®
8.0%(10)

8.
0.31%(11)

/N

@
-2.4%(5)

<0.1%(5)

) o
L 5.8%(13)
] ’52%(7)

7.2%(6)

°
-20.4%(8)

LA o
12.0%(15)

o
-20.3%(7)

T 26.9%(3)

(e)

o
12.6%(7)

®
-5.9%(2)

e o
7.5%6) 2.1%(9)

.
o
18.3%(5)
N
-1.4%(1) 3
-1.7%(4)

e
-1.5%(3)
0.29%(10)

(8)

\ °
L\_>- 18.6%(3)

e
1.6%(9)

i
2.6%(4) 1, 5.0%(6)

)
-7.5%(5)

o
4.3%(1)

Impact LEZ(03)
—-—

, .
-29.50 9.92

Stations

1.Arturo Soria.
2.Barajas.

3.Casa de Campo.
4.El Pardo.
5.Ensanche Vallecas.
6.Escuelas Aguirre.
7.Parque Juan Carlos.
8.Plaza de Castilla.
9.Plaza Eliptica.
10.Parque del Retiro.
11.Tres Olivos.
12.Villaverde Alto.

Impact LEZ(PM10)
-20.40

18.34

Stations
1.Casa de Campo.

5.Paseo de la Castellana.
6.Moratalaz.
7.Sanchirro.

8.Tres Olivos.

9.Urb Embajada Barajas.
10.Vallecas.

Impact TR(PM2s)
-
-8.16

Stations
L.Alcoreédn.

C—
18.65

2.Algete.
. 3.Collado Villalba.

<

[ d
11.1%(4)

o
25.4%(11)

®
34.4%(2)

45 o 8 4
ot 21.9%(7)

0
36.6%(1) 5.Ensanche Vallecas.

6.Escuelas Aguirre,
7.Parque Juan Carlos.
8.Plaza de Castilla.
9.Plaza Eliptica.
10.Parque del Retiro.
11.Tres Olivos,
12.Villaverde Alto.

o 216%6)0
(]
23%0) 26.0%(10)

59.7%(9) °
33.4%(5)

o
25.8%(12)
(d)

. - -
P -11.9%(8) )

2 S Impact LD(PM10)

: 12.2%(4) o -37.50 6.68

°
-8.3%(10) e

-22.3%(9)

26.6%(11) @ ‘.
' o 8
)@ -13.6%(6)
-25.2%(16)

o
- 15.9%(15) |
¢ Y 16.Villa del Prado.

fcl;%(ar”’”“’ |
(f)
6O o
-35%(7)

Impact LD(PM10)
-65.02 -6.35
Stations

o
-35.6%(6)

2) o
-14.1%(5)

-6.3%(1)

o
-37.3%(4)

°
-42.6%(3)

o
65%(10)

o
-15.8%(9)

. 2.Algete.
[ 3.collado Villalba.

1.Casa de Campo.

2.Cuatro Caminos.

3.Mendez Alvaro.
.Moratalaz.

4
5.Paseo de la Castellana.
atalaz.

Impact LD(PM2:)
]

2.20

-33.9%(7)
(J
-20.1%(7) @,-12.1%(6) & “-4.Cuatro Caminos.
-14.2%(8) \ =3
-42.6%(5) §iPaseo de la Castellana.
e 7.Plaza de Castilla.
-15.7%(1) /8.Torrej6n de Ardoz.

N | 9.villa del Prado.

y 4 /lo.vﬂll'ilod. Salvanés.

f

LA\ \

AL 04%(10) -





media/file2.png
e

L0ve

1. Alcala de Henares. Types of stations
2. Alcobend 5 Remore

gl e —— M Rural background
3. Alcorcén. B Sub-Urban
4 Algete. B Urban
5.Aranjuez.
6.Arganda del Rey.

7. Collado Villalba.
8. Colmenar Viejo.
9.Coslada.
10.Fuenlabrada.
11.Getafe.
12.Guadalix de la Sierra.
13.Leganés.
14. Majadahonda.
15. Méstoles.
16. Orusco de Tajuia.
17. Rivas Vaciamadrid.
18. San Martin de Valdeiglesias.
19. Torrejon de Ardoz.
20. Valdemoro.
21. Villa del Prado.
22- il " Aa Cal

Madrid

190
210
130
140 200
20
’.12. 3e
10
50 7.13.
8o
10
150
4

(b)

60
160

Types of stations
1.Escuclas Aguirre. M Sub-Urban
Urban

2.Avda. Ramén y Cajal. : Urban traffic
3.Arturo Soria.

4 Villaverde.

5.Casa de Campo.

6.Barajas Pueblo.

7.Plaza del Carmen.

" '8.Moratalaz.

9.Cuatro Caminos.

10.Vallecas.
11.Mendez Alvaro.
12 Paseode la
Castellana.

13 Parque del Retiro
14 Plaza Castilla.
15.Ensanche de Vallecas.
16.Urb. Embajada.
17.Plaza Eliptica.
18.Sanchinarro.
19.El Pardo.
20.Juan Carlos I.
21.Tres Olivos.





media/file10.jpg
iy






media/file5.jpg
om3.

® @ 0 w0

N0:Plate do) Camen-

IOz Villa del Prado.

o

«

0






media/file3.jpg
30

ol

g

i





media/file14.jpg
= f
“H____M___”___m_m__ il il
5 A il
4
s 4 i< [l
137,
g M tmt 44 4 .ﬁ
1 x }
. . .
i e ki
1 4_ d
Tperd B
4 .“ 4 14 °

4 5

®

Py





media/file1.jpg
)





media/file7.jpg





media/file15.png
o
-2.5%(11)

o]
° 17.8%(7)
-1.3%(6) P
1.7%(4)

Q
-5.3%(2)

o)
-6.2%(13) 0.2%(8)

-8.9%(3) -5.6%(12) ®
e o 4.8%(16)

4.9%(14) o -6.5%(10)

NG -19.2%(9)

T

~— ,\}\ y .
7 A7.6%(18)

LY PR T

S -~

/7 19.6%(5)

(a)

)
o -6.4%(1) {a

Impact LEZ(O3)
I

-19.62
ot Stations

Ty 1.Alcalad de Henares.

2.Alcobendas.

? 3.Alcorcén.
N\ 4.Algete.

) 5.Aranjuez.

( 6.Collado Villalba.

7.Colmenar Viejo.
\ 8.Coslada.
9.Fuenlabrada.
). 10.Getafe.

/4 11.Guadalix Sierra Norte.

! . 12.leganés.
-5.2%(15)" | 13.Majadahonda.
N , 14.Méstoles.
¢ 15.0rusco de Tajuiia.
) 16.Rivas Vaciamadrid.
(_ 17.Torrejon de Ardoz.

o
-11.8%(20) :
‘18.Valdemoro.

~ /% -19.villa del Prado.

20.Villarejo de Salvanés.

' 6.58

{

A\

N 4
15.0%(19)

{n

°
12.7%(6)

A

1

o
19.2%(13)
31.9%(12)
16.1%(3) e o

.
18.9%(14)

@
8.5%(11)

el
-4.3%(7)
@
6.7%(4)
Madrid .
25.0%(2)
37.5%(8)

®
34.1%(16)
15.9%(10)

12.4%(9)

y O
" 2.7%(18)

1~
]

7 220

(b)

®
® 27.8%(1)

® \
-3.2%(15)

1.3%(20)

/

Impact LD(03)

-4.32
Stations
1.Alcala de Henares.
2.Alcobendas.
3.Alcorcon.
4 Algete.
5.Aranjuez.
6.Collado Villalba.
7.Colmenar Viejo. 7
8.Coslada. { G
9.Fuenlabrada.
10.Getafe. (
11.Guadalix Sierra Norte.
12.Leganés.
13.Majadahonda.

, 14.Méstoles. i

¢ 15.0rusco de Tajuiia.

\ 16.Rivas Vaciamadrid.

¢, 17.Torrején de Ardoz.
“18.Valdemoro.

37.86

_~19.Villa del Prado.

20.Villarejo de Salvanés.





media/file12.png
&
-20.2%(19)

°
2.4%(11)

7.4%(7) v

029 1.1%(4)

58%@2) e
12.8%(1.7)'.”.5.039(1)

o

-10%(3) 6.8%(12)-
) o -5.1%(16)
-13.3%(14) 7 79%(10)

o

o
8.3%(18) 0.8%(20)

s 1 0%(5)

(8)

o
7.4%(6)

-0.3%(18)
-2.4%(17)

-0.7%(3)

®
AL A2.9%(11)16:2%(19)
A3T%(5)®  S9%@2)
A17.3%(12)  -13.0%(1)
. . ®-16.4%(8)
5.9%(4)  -7-2%(14)%19 9%(1g)
-10.8%(10)
-10.1%(9)

5 o
-21.12%(15)

-6.2%(20)

c
-4.2%(7)

-0.53%(21)

Impact LEZ(NO:)

— owm
-20.19 12.79

Stations
1.Alcala de Henares.

15.0rusco de Tajuia.
16.Rivas Vaclamadrid.
17.Torrejon de Ardoz.
18.Valdemoro.

19.Villa del Prado.
20.Villarejo de Salvanés.

ImEct LEZ(NE

-21.16 7.41
Stations
1.Arturo Soria.
2.Av Ramon y Cajal.
3.Barajas
4.Casa de Campo.
5.Cuatro Caminos.
6.El Pardo.
7.Ensanche de Vallecas.
8.Escuelas Aguirre.
9.Mendez Alvaro.
10.Moratalaz.
11.Parque Juan Carlos.
12.Paseo de la Castellana.
13.Plaza de Castilla.
14.Plaza del Carmen.
15.Plaza Eliptica.
16.Parque del Retiro.
17.Sanchirro.
18.Tres Olivos.
19.Urb Embajada Barajas.
20.vVallecas.
21.Villaverde Alto.

®
-57.3%(11)

Py .”_1‘%(7) Guadalajera
-60.8%(6) .
 89.3%(4)
T95%2) |l
. e T3.5%(1)
-89.3%(13) -ss.gms)
96.6%(3) -804%(12) o
TT.2%(14)8 o -1OLT%(16)
-76.5%(10) e |
o -90.3%(9) -34.8%(15)
-105.8%(19)
. '
o -58.5;6(20)
4 I ow
-67.3%(5)
(h)
o
-69.33%(6)
o
67.7%(18) o
-89.8%(17)
o
-92.18%(3)
825%(13)  -96.9%(11)e X
. 79.78%(2)
L J o
94.8%(12)  -103.43%(1)
-103.1%(14). ~101.3%(8)
-66.79%(4) o
94.6%(16) o
-80.1%(10)
-94.9%(9)
o
101.0%(15) -77.7%(20)
47.54%(7)
®
-62.9%(21)

Impact LD(NOz)
L
-105.79 -34.82
Statlon

1.Alcala de Henares.
2.Alcobendas.
3.Alcorcon.
4. Algete.

6.Collado Villalba.
7.Colmenar Viejo.

9.Fuenlabrada.

15.0rusco de Tajufia.
16.Rivas Vaciamadrid.
17.Torrejon de Ardoz.
18.Valdemoro.

19.Villa del Prado.
20.Vilarejo de Salvanés.

Impact LD(NOz)
N
12479 -47.55

Stations

1.Arturo Soria.

2.Av Ramon y Cajal.
3.Barajas

4.Casa de Campo.
5.Cuatro Caminos.

6.El Pardo.

7.Ensanche de Vallecas.
8.Escuelas Aguirre.
9.Mendez Alvaro.
10.Moratalaz.
11.Parque Juan Carlos.
12.p. | S
13.Plaza de Castilla,
14.Plaza del Carmen.
15.Plaza Eliptica.
16.Parque del Retiro.
17.Sanchirro.

18.Tres Olivos.
19.Urb Embajada Barajas.
20.Vallecas.
21.Villaverde Alto.






media/file9.jpg
@

ol =
= i =
= oo =y
=
a ol
®

o

i
i






media/file0.png





media/file8.png
Frequency

100 150 200

50

NO:2Plaza del Carmen

20

40 60 80 100
Hg/m?

(a)

Frequency

150 250 350

50

NO:2 Villa del Prado

10 20 30 40
Hg/m?

(b)





media/file6.png
ug/m3

40

80

60

20

NO:2Plaza del Carmen

NO2 Villa del Prado
o —
<
I. EZ—-> 0! ddown
S - UEZ-—> Y IF—
£
il | S
‘ 2 o |
‘N o~ |
f S_’ - \
| ; | |
I : ! : I | | | |
200 400 600 800 0 200 400 600 800
day index day index

(a)

(b)






media/file17.jpg
3 hvans. Frvedd

1epwse ¢
12 Ersanch dav e
fresmon

priesey

15 Gucse

16 GandaiSraNoro.
Lo,

18 i

10ésole.

oo deTaa

21 Parce i Caros.

2272a caCorman.

2 pmaiotca
re—

26 Torroinde v

221res O,

25 adomoro.

0 viar.






