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Abstract

:

In early 2020, the COVID-19 pandemic spread globally, and severe measures to control it were implemented. This study investigates the impact of the lockdown on the air quality of three provinces in the Valencia region, eastern Spain, in the years 2015–2020, focusing on particulate matter (PM). A thorough statistical analysis using different approaches is conducted. Hourly patterns are also assessed. In addition, the role of meteorological parameters on PM is explored. The results indicate an overall PM10 reduction of 16.5% when comparing the lockdown in 2020 and the 2015–2019 period, while PM2.5 increased by 3.1%. As expected, urban zones experienced higher reductions than suburban zones, which experienced a PM concentration increase. The impact of the drastic drops of benzene, toluene and xylene (77.4%, 58.0% and 61.8%, respectively) on the PM values observed in urban sites is discussed. Our study provides insights on the effect of activity changes over a wide region covering a variety of air quality stations, urban, suburban and rural, and different emission types. The results of this work are a valuable reference and suggest the need for considering different factors when establishing scientific air pollution control strategies.
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1. Introduction


Negative effects of atmospheric particulate matter (PM) pollution on health have been assessed in a large number of studies. Typically, PM10 and/or PM2.5 (PM finer than 10 and 2.5 µm, respectively) data are used in epidemiological studies to evaluate the effect of the PM pollution on human health. PM causes respiratory and pulmonary diseases [1,2] and also affects the cardiovascular system [3,4].



Despite successful legislation implemented in Europe to reduce air pollutants emissions, the World Health Organization (WHO) [5] estimated that the exposure to PM2.5 particles caused nearly seven million people deaths, mainly related to respiratory system illnesses. Urban population was exposed to high levels of PM10 in 2018 [6]: 15% above EU standards and 48% above WHO air quality guideline value. Equally, the urban population exposure to PM2.5 concentrations above standards were 4% and 74%, respectively.



The sources of particulate matter are very varied, and their relevance depends on the environment. According to their origin, they can be distinguished between anthropogenic: road traffic, industrial activities, biomass burning and domestic heating, and natural: resuspension and transport of by wind, volcanic eruptions, seismic activity, specific events such as Saharan dust intrusions, particularly relevant in the western Mediterranean [7,8].



Volatile organic compounds (VOCs) constitute another large group of air pollutants, which include a mixture of hundreds of species with a well-known harmful effect on human health [9,10] and on the environment, due to their implication on the production of secondary pollutants such as tropospheric ozone and secondary organic aerosol [11,12,13]. Among them, benzene, toluene and xylene (BTX) are the most common traffic-related monoaromatic hydrocarbons in urban environments [14,15]. The continuous measurement of VOCs is essential to estimate population exposure to hazardous gases and implement effective control strategies.



The COVID-19 pandemic that began at the end of 2019 continues to spread globally today, having so far caused millions of deaths around the world, and the situation remains very serious. Spain was one of the countries hardest hit by the pandemic in the first half of 2020. At the end of March 2020, confirmed SARS-CoV-2 cases in Spain made it the most affected country worldwide. On 11 March 2020, the WHO declared a global pandemic of COVID-19. Following this, on 14 March 2020, the Spanish government, aiming to contain the pandemic spread, announced the implementation of a series of drastic measures. These included a lockdown, traffic restrictions, cancellation of national and international flights and the cease of every nonessential activity. These measures came into force on 15 March for two months, until 17 May, to curb the spread of infection by limiting people’s movement, helping to maintain “social distancing”. The measures were gradually lifted until activity returned to normal. By this point, the world had 6,234,322 confirmed cases of COVID-19 and 375,541 deaths [16].



The prevention and control measures mentioned above resulted in a diminution of anthropogenic activity and therefore were closely related to the air quality. The unprecedented mobility and economy activity reduction measures implemented in response to COVID-19 posed a unique opportunity to better understand the impact of natural versus anthropogenic causes of air pollution, which will help to draft policies aimed at improving the air quality. Within this framework, a number of studies have explored the impact of lockdown on air quality. Rodriguez-Urrego et al. [17] reported an average PM2.5 decrease of 12.5% over the 50 most polluted capital cities worldwide, although a discrete reduction of only 5% was observed in European cities under study versus 22% on the American continent and 16% on the Asian continent. Most of the cities experienced a reduction during the COVID-19 lockdown, although a non-negligible figure of 14 out of the 50 cities reported an increase of PM2.5, part of which was attributed to an isolated effect produced by winds or fires. The reason for the results for other cities, such as Paris, with an increase of nearly 30%, was not evident in the study.



Nitrogen dioxide (NO2), nitrogen oxide (NO), PM2.5 and PM10 concentrations were reduced in many countries and locales around the world during the COVID-19 lockdown. However, this was not always the case for PM. For instance, in southern and in central China, in situ measurements indicated a decrease of PM2.5 (10% to 60%) [18], while increases were found in the north and east in a study using satellite data and models [19]. In that study, the PM2.5 increase was also attributed to the higher relative humidity and to the increased oxidation capacity of the atmosphere. Zhang et al. [20] and Mao et al. [21] also suggested that complex aerosol chemistry and meteorological influence are the reasons for this PM increase.



Traffic is a major source of primary aerosols. It contributes to the formation of secondary aerosols through the emission of SO2, VOCs and NOx, which are precursors of aerosols. For this reason, the increase in aerosols despite the dramatic limitation in the traffic activity is, to date, not well understood. Reduction in NOx emissions is known to result in enhanced ozone concentration due to reduced titration [12]. Shen et al. [22] found similar percentage decreases in urban and background sites in the Po Valley for NO2 and NO (above 41% and 59%, respectively). They also found benzene and toluene concentration reductions of 33 and 37%, respectively, while they reported only slight changes in PM2.5 and PM10. Ciarelli et al. [23] observed a mild increase in PM2.5 levels in a modeling study at the same sites investigated in the current study and in Swiss Plateau regions. They indicated that the ozone enhancement increased the overall oxidizing capacity of the atmosphere, i.e., OH· and NO3· radicals, which favored SOA formation. This lowered the overall levels of particulate pollution, which suggests that emission sources other than traffic and processes have an important impact on particulate number and mass concentration, and should be considered in control pollution strategies.



Sicard et al. [24] found overall reductions in PM2.5 and PM10 of 8% in urban stations of the European cities studied, which is a much smaller reduction than in Wuhan (~42%). The PM reduction due to the traffic and industrial activity limitation was, in part, caused by the PM emissions from indoor activities during lockdown in some cities. Variability in PM10 reduction was observed in [25], which studied 11 cities in Spain, with one AQC from each city, finding significant reductions in Barcelona, Valencia and Sevilla and no significant reduction in the remaining eight cities.



Several approaches have been used to evaluate the effect of lockdown on air quality, typically consisting of statistical studies comparing data from air quality cabins (AQCs) during the lockdown period with (a) the period before [26] and (b) the same period in previous years [24,27]. The same methods have been used based on satellite observations rather than AQCs [28]. On the other hand, meteorology has a significant role in controlling PM levels [29]. The processes of formation, removal and dispersion are influenced by meteorological parameters such as temperature, radiation, relative humidity, precipitation, wind speed and direction. This has led to numerous studies exploring this correlation between meteorological variables and the behavior of different pollutants in order to get a better understanding of their effect on climate change [30]. Authors of these studies state that, while meteorology has a clearer correlation with pollutants such as ozone and NOx, its correlation with PM remains uncertain in many scenarios due to the large variety of PM components. Therefore, the closing of schools, industrial activities and businesses had a clear impact on activity levels and air pollutant emissions and air quality during the lockdown.



The aim of this study is to quantify the effect of the COVID-19 lockdown on air quality (PM and BTX) by considering the reference period of March–May of 2015–2019 using option (b) described in the previous paragraph and assessing the impact of meteorology. The lockdown affected urban sites as well as industrial and rural sites, whose activity was limited by direct legislative restrictions and by a general reduction in the demand of products and the slowdown of the economy. Therefore, and unlike most of the studies based on urban sites, this work has considered a network of AQCs, which includes cabins in different environments: urban, rural, suburban, exposed to traffic, industrial and background emissions. This allows us to compare and discuss the effect of lockdown on the air quality based on the site and type of emission.




2. Methodology


2.1. Data Sources and Study Area


The Valencia region is the fourth most populous autonomous community in Spain with more than 5 million inhabitants and a surface of nearly 25,000 km2, consisting of 3 provinces: Alicante, Castellón and Valencia. Valencia is the homonymous capital of the region and the third largest metropolitan area in the country, with 1,392,000 inhabitants and an area of nearly 400 km2. It is also the third largest city in Spain with more than 800,000 inhabitants over an area of nearly 135 km2. The region is at the east of the country by the Mediterranean coast, where there is very dense residential housing. Agriculture plays an important role in the economy of the region, but in recent decades there has been growth in the secondary sector with a strong industry, especially in Castellón, and in the tertiary sector; tourism is the region’s major industry.



The regional air quality network of the Valencia region comprises 60 air quality stations distributed through the territory of the aforementioned three provinces, with 47 of them measuring PM10 particles and 38 measuring PM2.5. In this study, the effect of lockdown due to COVID-19 on the air quality of the Valencia region was investigated by analyzing fine particulate matter (PM2.5), coarse particulate matter (PM10) and BTX. Since meteorological conditions affect the dispersion of contaminants and therefore their chemistry and removal [26,31], our study involved comparing data from the lockdown period with the same period in the years 2015–2019. The same season is compared to avoid large meteorological variability of winter to spring. Therefore, hourly and daily data from the lockdown period, i.e., from 15 March 2020 to 17 May 2020, were compared against the reference period, consisting of the same period in the years 2015 to 2019, representing the baseline conditions.



Hourly concentrations with >75% of validated data were used to calculate aggregated daily values according to legislation. For statistical purposes, 21 AQCs were selected that fulfilled the following criteria: (1) availability of spatial coverage to cover different types of emission sources, location, etc.; (2) at least four years of available data reporting, including 2020; and (3) representativeness of an area and known not to be affected by artificial external sources (e.g., installed in school yards and subject to resuspension of particles). Figure 1 shows the geographical location of the different sampling sites in the western Mediterranean area and Table S1 in the supplementary material summarizes the selected air quality stations used in this study indicating the type of environment (URB = urban, SUB = suburban and RUR = rural), type of emissions (TRA = traffic, IND = industrial, BK = background) and site (INN = inner, COA = coast). Together with particulate matter, meteorological parameters also collected by the air quality network were used in this study: temperature (TEMP), relative humidity (RH), radiation (RAD), rainfall (PLU), wind speed (WS) and wind direction (WD). Due to their role as precursors of particles, volatile organic compounds (BTX: benzene = C6H6, toluene = C7H8 and xylene = C8H10) were also considered.




2.2. Saharan Dust Outbreaks Identification


In order to isolate the effect of the reduction in anthropogenic activity during the lockdown period on aerosol concentrations, days with Saharan dust outbreaks (SDO) during the considered period (2015 to 2020) were removed from the database. The assessment of Saharan dust events that passed through the Mediterranean area during the study period was retrieved from a Spanish governmental database [32]. In this database, the identification of SDOs is carried out using dust forecast models (NAAPS, DREAM and SKIRON). Moreover, a back-trajectory analysis by HYSPLIT model [33,34] is used to confirm the north African origin of the air masses during the SDOs identified. Five-day back-trajectories ending at different points of the study region at 750, 1500 and 2500 m above ground level (a.g.l.) at 12:00 UTC are also provided for these days. This procedure is based on a methodology for the identification and quantification of the contribution of SDOs in Spain and Portugal [35].




2.3. Statistical Analysis


Different approaches were used to evaluate the effects of lockdown on airborne PM. An estimation of the changes between the two sets of series considered, the lockdown period in 2020 and the equivalent time period over the 5 previous years, was conducted, comparing the averages of PM concentrations. In addition, the variation of daily mean concentrations expressed as percentages [24,26] was calculated for each day of the year (DoY) according to Equation (1)


   %  V a r i a t i o n     =   P  M  l o c k d o w n     − P  M  r e f e r e n c e       P  M  r e f e r e n c e       · 100  



(1)




where PMlockdown is the particle concentration in 2020 and PMreference is the particle concentration in the reference period (2015–2019). The deviation of daily mean concentrations expressed as percentages was also calculated for each day of the year (DoY) within the period under consideration. In order to ensure coherence when comparing both sets of data, given the fact that human activity is generally lower on weekends than on working days, the minimally required shift in days was introduced in the years 2015 to 2019 when comparing baseline data to the days of the same period in 2020. By using this approach, hourly data were also computed to assess the change of pattern between working days and weekends due to the effect of the lockdown.



Box plots were computed to graphically compare the variability of distributions for previous years with that for 2020. These box plots show a median of concentrations as central markers and the edges of the boxes correspond to the 25th and 75th percentiles, also called first quartile (Q1) and third quartile (Q3), respectively, being the interquartile range, IQR = Q3 − Q1, the length of the box. The lockdown effect was assessed by aggregating data from AQCs according to their typologies, i.e., considering the type of emissions they are exposed to and the type of environment in which they are installed. The latter was assessed by applying agglomerative hierarchical clustering analysis to the concentration data using the Pearson correlation coefficient (R) distance [36]. For a better classification and to consider all the variability among the AQCs, both PM2.5 and PM10 concentrations were used. The average was applied to compute the distance between clusters. The dendrogram, which graphically represents the cluster tree, is shown for easier interpretation [37]. Both box plots and clusters were computed using MATLAB® version 2019a [38,39].



Another question raised in this study is whether meteorological parameters affect PM concentrations. This was examined by calculating the corresponding Pearson’s correlation coefficient, R, between the PM concentration profiles and the HR, PLU, RAD, WIND and TEMP patterns. R varies between −1 < R < +1, with the signs + and − indicating positive and negative correlations, respectively. The associated p-values were also calculated to test the null hypothesis, when there is no relationship between the observed phenomena. P-values range from 0 to 1, where those close to 0 correspond to a significant correlation in R and a low probability of observing the null hypothesis. To test for statistical significance between groups, we used the same approach as in ref. [24], and we used the non-parametric Kruskal–Wallis test followed by a post hoc test using Fisher’s least significant difference and p-values adjusted with the Holm correction. A p-value < 0.05 was considered statistically significant and therefore as indicative of significant correlation.





3. Results and Discussion


3.1. Particulate Concentration Variation


Average concentrations of particulate matter were calculated as a first step to compare concentrations during the lockdown with those of previous years. The results showed that mean PM10 concentration was lower during the lockdown (9.1 µg·m−3) than in the reference period (10.9 µg·m−3). Conversely, mean PM2.5 levels were slightly higher during lockdown (6.7 µg·m−3) compared to the lockdown reference period (6.5 µg·m−3). Figure 2 presents percentage variations of PM10 and PM2.5 for each station. A summary of statistics of PM10 and PM2.5 for each cabin for both reference and lockdown periods can be found in Tables S2 and S3 in the supplementary material. A general characterization of PM10, PM2.5 and BTX data sets, grouping all stations in this study, is shown in Table S4 in the supplementary material.



An overall relative decrease in PM concentration was observed during the lockdown period in 2020. In total, 14 of the 19 AQCs in this study recorded a reduction in PM10, ranging from 1.6 to 62.7%, with an overall reduction of 16.5%. Despite the fact the 9 AQCs experienced reductions varying from 6.4 to 44.2%, an overall increase in PM2.5 of 3.1% was found. A study limited to several environments in the city of Valencia [40] obtained similar results in two traffic stations common to this work (reductions of 56–53% and 60–41% in PM10–PM2.5 in the FRA and PIST stations, respectively). However, in comparison to our data, different PM percentage variations were found at other two common stations (reductions of 33–30% and 37–13% in PM10–PM2.5 at MOLI and POLI stations, respectively). A detailed review of the data explains that this difference is due to the fact that, unlike our study, Donzelli et al. [40] considered a reference period based only on 2019 data.



Similar values for PM10 (14% decrease) and PM2.5 (6% increase) were found in the United Kingdom [41]. The large fluctuation in PM2.5 variations in some European cities during lockdown has been reported in [17]. The largest reductions were found in cabins in urban sites and affected by traffic; in Valencia, reductions of 62.7% in PIST and 47.3% in FRAN for PM10 and 36.2% and 44.2% for PM2.5 were recorded. Urban AQCs exposed to industrial emissions reported deductions varying from 37.0% to 39.4% in PM10, although reductions in PM2.5 were less significant (10%). This is also observed in the box plots (Figure S1 in the supplementary material), where there is a notable variability in 2015–2019, but not in 2020. Conversely, CEAS and CEME, categorized as SUB and exposed to industrial emissions, presented increases of 32.9% and 30.3% for PM10 and 44.8% and 43.7% in PM2.5, showing higher ranges of variability and higher medians in 2020.



The variability of the particulate concentrations in the considered time periods along with the median is shown in the box plot in Figure S1a,b. The percentage reductions in PM10 and PM2.5 are supported by Figure S1, where the PM concentrations are presented in box plots, showing a general higher variability in PM10 for the reference than for the lockdown period. Nevertheless, the difference in the median values, 9.0 µg·m−3 for the reference and 8.0 µg·m−3 for the lockdown period, shows a smaller difference than the % of variation. Regarding PM2.5, less variability was found in PM2.5 concentrations between both sets of data, being the global median 5.0 µg·m−3 in the years 2015 to 2019 and 6.0 µg·m−3 in 2020. In general, suburban AQCs recorded an increase in PM2.5 and those which are both suburban and industrial recorded an increase in PM10.



Figure 3 shows PM percentage variations during lockdown compared to the reference period calculated for the whole study network and the different cabin groups considered using average observed PM concentrations (Table S5 in the supplementary material). According to the classification by type of environment, urban cabins showed the largest decrease in concentrations of both PM10 and PM2.5 during the lockdown period; their average concentrations decreased by 49.0% and 27.3%, respectively. Taking into account that SDO was removed from the database, these notable decreases in PM concentrations can be explained by the drastic reduction in anthropogenic activity resulting from lockdown. A smaller but equally consistent PM10 concentration reduction (31%) was found in Barcelona [26].



PM10 or PM2.5 levels in rural and suburban areas were not as impacted by the COVID-19 lockdown period. Whereas rural stations showed a similar pattern of larger percentage reductions in PM10 concentrations than PM2.5 reductions, with more moderate reductions in average concentration of 13.6% and 3.5%, respectively, suburban environments experienced the opposite behavior, recording overall percentage increases of 3.6% and 20.2% in average PM10 and PM2.5 concentrations during lockdown.



According to the emission type classification (TRA/IND/BK), all cabin groups experienced a decrease in PM10 levels during lockdown. In Figure 3 it can be seen that the traffic stations experienced the steepest decrease in the average concentration of both PM10 and PM2.5, with drops of 42.4% and 24.3%, respectively. As for urban cabins, these decreases in traffic PM concentrations were due to the limited anthropogenic activities (traffic, works, etc.). A work in 11 metropolises in Spain with a different analysis approach found slightly lower PM10 percentage reductions (−32% and −38% in the metropolitan and traffic environments, respectively) and similar PM2.5 percentage decreases (−22% and −27% for the same environments) in Valencia [42]. In ref. [24], very similar percentage decreases in PM10 and PM2.5 results for traffic environments in European cities including Valencia (52.3% and 29.3% respectively) during lockdown were recorded. A PM2.5 decrease of 29% associated with reduced road traffic during lockdown in South Carolina was reported [27]. Accordingly, Figure 4 shows box plots with medians of 16.4 µg·m−3 of PM10 in the reference period versus 8.0 µg·m−3 in 2020 in urban AQCs. This is also observed in cabins labelled as traffic (Figure 5), with decreases of 14.0 µg·m−3 and 8.0 µg·m−3, respectively. To avoid smoothing as a result of calculating averages over the previous years, variability of individual year distributions was plotted, showing that concentration variability of PM10 and PM2.5 for the urban and traffic stations during the lockdown was lower than each reference year (Figures S2 and S3 in the supplementary material), which is more significant in PM10.



In contrast to the traffic stations, for those classified as IND and BK, PM10 concentration decreased moderately and PM2.5 levels increased during lockdown, with PM2.5 medians of 4.0 µg·m−3 and 5.0 µg·m−3 for IND and BK sites, respectively, for PM2.5 in the reference period and 6.0 µg·m−3 during the lockdown for both AQC types. Regarding PM10, industrial cabins registered medians of 8.0 µg·m−3 in both periods and BK reduced from 9.0 µg·m−3 in the reference period to 8.0 µg·m−3 in the lockdown, with similar variability in each individual year. PM10 levels at BK stations were reduced by 11.9%, while, contrary to expectations, levels at industrial stations decreased by only 7.5%. PM2.5 at IND and BK stations experienced overall increases of 14.3% and 6.4%, respectively, with small variability and similar medians (Figure 5), and with particle concentrations of industrial stations during lockdown were higher than averages recorded between 2016 and 2018. The lower reduction and even increase of PM in nonurban stations during the lockdown, might be partly due to the formation of particles resulting from the start of agricultural activity at the end of the winter and coinciding with the initiation of the lockdown. The spreading of fertilizers is known to be an important source of ammonium nitrate in European countries, which together with NOx emitted by agriculture and industry, contributes to the formation of secondary PM2.5 [43]. Another reason that might have influenced the moderate variations of particles is the simultaneous action of activities and sources that did not completely diminish during the lockdown, such as biomass burning and industry, which did not experience a total or synchronized halt in activity. The lack of data on the chemical composition of PM did not allow us to determine the evolution and the actual contribution of PM from each source. Despite the similar medians found and box sizes delimited by percentiles 25th and 75th, concentrations beyond the latter percentile, represented by dots, can be observed in all the subgroups of AQCs in the reference period. This confirms its generally higher variability compared to the lockdown. Box plots of individual years show similar sizes throughout the period 2015–2020, although AQCs grouped as URB and TRA clearly confirm the reduction of PM10 during the lockdown, which is not as significant for PM2.5.




3.2. Hourly PM Pattern


Taking into account that the hourly pattern of particles is affected by activities carried out by citizens, the hourly PM profiles have been calculated to observe whether the halt of activity during the lockdown affected such PM patterns. Figure 6 shows an example of urban AQCs, the most prone to be affected by changes in human activity, and distinguishes between working days and weekends. Individual hourly patterns of each of the AQCs are shown in the supplementary material (Figures S4–S7).



There was a reduction in particle concentrations during working days in 2020 compared to the reference period, being more noticeable for PM10. Average concentrations of 18.7 µg·m−3 and 8.3 µg·m−3 were found for PM10 and PM2.5, respectively, in 2020 and 8.9 µg·m−3 and 5.5 µg·m−3 during the reference period. A clear pattern in the working days of the reference period with an increase of PM10 was observed at 8:00AM, reaching 31.9 µg·m−3, coinciding with citizens commuting to work. This is also slightly reflected in PM2.5 levels; hourly concentrations reached the highest values of 10.70 µg·m−3 and 6.47 µg·m−3 in the reference and lockdown periods, respectively. On weekends, the PM10 curve flattened and this peak dropped to 20.6 µg·m−3. Nevertheless, during the lockdown, there was almost no distinction between the profiles of working days and weekends, explained by the stoppage of human activities and reduction of traffic. Although this effect was lower for PM2.5 at traffic stations, a reduction in hourly values and a smoothing of the profile with respect to the reference period were still observed but with insignificant differences between weekdays and weekend profiles. Ref. [44] identified numerous sources of PM in traffic-influenced urban environments, many of them non-vehicular and with different contribution of PM10 and PM2.5. This supports the observed differences between the reference and lockdown periods and the persistence of considerable levels of PM during lockdown despite drastically reduced activity of the main emission sources in this environment.



A moderate increase was also evident in the afternoon; the profile shows that the return from work is steeper and starts at 7:00 p.m. The augmentation of particle concentrations at the end of the day may be attributed to the traffic flows, emissions of the heating systems and a descent in the planetary boundary layer height, as observed in other studies [45], the latter being responsible for the levels observed during the first hours of the night. In 2020, a reduction of concentration was maintained during the whole day, although the first peak in the morning was lower and PM10 varied from 21.7 µg·m−3 to 14.0 µg·m−3, which is in agreement with a reduction in traffic intensity.



Regarding rural and suburban sites (Figures S6 and S7), PM10 concentrations on working days and weekends in 2020 were similar to the weekend profile and values during the reference period. Concentration peaks at the same time as occurred in urban cabins, although they were less perceptible, indicating that traffic emissions contributed to PM10 concentration for these AQCs. The hourly trends for rural and suburban sites showed similar PM2.5 concentrations and hourly patterns to urban cabins in 2020 for both working days and weekends, with negligible differences when comparing the reference and the lockdown periods. This is because the contribution of PM2.5 in these environments mainly occurs on a regional scale. Although anthropogenic mobility was drastically reduced, there were still emissions of secondary aerosol precursors from activities such as agriculture, farming, domestic heating and industry, which led to the formation and transport of PM2.5.




3.3. Cluster Analysis


The dendrogram combining the set of PM10 and PM2.5 concentrations of each AQC considering the whole period of study (2015 to 2020) and using as distance 1 minus the Pearson correlation coefficient resulted in clustering, as shown in Figure 7. To better explain the agglomerations of AQCs, we introduced the COA/INN attribute, which denotes its location in the coast or inland.



The first cluster includes most of the stations that were both BK and IND, even though there were cabins that pertain to all three provinces. A central cluster enclosing most of the AQCs that were both IND and COA is observed. It also includes ALM2 and BURR, which are URB/IND/COA and RUR/IND/COA, respectively. RABA and ALC2 are not in this cluster, but together in the third one. This may be because the first cluster is in Alicante, where industrial activity is not as intense as in Castellón, which is the province where most of the cabins in this cluster are located. Nevertheless, the reason why ALC2, which fulfills the characteristics of this cluster, has not been included here is unclear. The fourth cluster includes two out of the three traffic cabins, where traffic dominates the patterns of the PM data. POLI is included here as well and, although classified as SUB due to its location, is exposed to heavy traffic as it is on the way to the main university nuclei in Valencia and on the way to the beach zone. Further, the chosen separation of clusters excludes PIST from this cluster and gives rise to a new one consisting only of this station, which shares similarities with the aforementioned cluster.



The application of non-supervised cluster analysis confirmed similarities between groups of AQCs according to the emissions to which they are exposed rather than to the environment type classification.




3.4. Impact of Meteorological Parameters on PM


Meteorological parameters govern the main natural sources of PM, with sinks being a key driving factor. For this reason, together with the effect of the intensity reduction of anthropogenic sources, an assessment of the relationship between meteorology and PM concentration evolution during the study period was completed. In the supplementary material, Table S6 provides summary statistics on the meteorological parameters of the 11 AQCs that reported data for both the reference and lockdown periods. Mean temperature and standard deviation values were very similar for all seasons in both periods. However, compared to the reference period, the study region was characterized by less radiation and higher values of precipitation and relative humidity during lockdown.



To assess the dependency of the PM concentration patterns with environmental parameters during the lockdown period and their possible role in the unexpected increase of PM observed in some AQCs, the correlation of PM with TEMP, RH, RF, RAD and WS was calculated along with the p-values (Tables S7 and S8). Although meteorological data were not collected for all the cabins, these are available for 11 out of the total of 19 AQCs considered in this study, including those cabins reporting a relative increase of particulate matter during the COVID-19 period. Radiation is a key factor in the formation of PM2.5. However, as mentioned above, there was, in general, less intense radiation in the study area during the lockdown compared to the reference period, leading to a nonsignificant correlation between RAD and PM2.5 at all of the stations analyzed. Nevertheless, a notable dependence between RH and WS for some of the cabins was found. As expected [30,46], there was a positive correlation between RH and PM concentration, explained by RH facilitating multiphase reactions that resulted in aerosol formation and growth [47]. In CEME, which showed increases of 30.3% and 44.8% in PM10 and PM2.5, respectively, R values of 0.59 and 0.50 were found in the regression of PM10 and PM2.5 concentrations, respectively, versus RH. The same behavior was observed in CEAS, which experienced similar variations, with R values of 0.41 and 0.48 for PM10 and PM2.5, respectively. Conversely, there was an anticorrelation with the wind speed, indicating that wind affects the cleanliness of the environment, as reported in other studies [30,46,48,49,50]. The higher the wind speed, the lower the concentration; therefore, PM levels were affected by the wind speed conditions, which could explain the increase of particulate matter during the lockdown period. In CEME, negative R values of 0.66 and 0.68 were found for PM10 and PM2.5, respectively. The same behavior was observed in CEAS, with negative values of 0.58 and 0.63, and in VILL, where the values were 0.65 and 0.66. In addition, the same pattern was observed in PENY, though with more moderated correlation coefficients. Nevertheless, the observed correlation with WS did not produce a rise in PM in ALM2. The combined effect of WS and RH may partly explain the unexpected PM increases found in some cabins. Regarding TARO, wind speed data were not collected, although an anticorrelation was found with PLU, which may partly explain its increase of 33.8% in PM2.5. Therefore, these calculations might explain the dependency of PM on environmental parameters, suggesting that the main factor was the meteorological dependence rather than the source type. A characterization of the particle composition would be needed to further explain the PM patterns found and elucidate to which extent meteorology played a role. In all the cases above mentioned, p-values were found to be below the threshold 0.05, being therefore relevant for the correlations.



Figure S8a–c in the supplementary material illustrates anticorrelation of the PM concentrations with the wind speed, as well as pluviometry (Figure S8a,b, respectively) and correlation with RH (Figure S8c) during the lockdown. As can be clearly seen in Figure S8a, at the ALM station the concentration levels of PM10 and PM2.5 decreased as daily wind speed increased, reflecting efficient air renewal at wind speeds above 1 m·s−1. Figure S8b shows how effective wet deposition is as a sink for suspended particulate matter. It can be seen that on several occasions during the study period, precipitation led to a drastic decrease in the levels of PM10 and PM2.5 particles at TARO station. In Figure S8c, the correlation between PM and RH is easily observable at CEME station, reflecting a very similar evolution over the whole measurement period.




3.5. VOCs Concentration Variation


This section aims to analyze the overall variation and daily evolution of BTXs in the three urban traffic stations (PNAT, PIST and PLA) reporting these data during the lockdown. Average concentrations of benzene, toluene and xylene were lower during lockdown than in the 2015–2019 period. The lockdown period was characterized by a less dispersed database and by considerably lower hourly percentile 95 and absolute maximum values for every pollutant considered. As can be seen in Figure 8, for the set of stations, the general variation in BTX levels was notable; levels of benzene, toluene and xylene decreased by 77.4%, 58.0% and 61.8%, respectively, in 2015–2019. Ref. [50] reported a similar percentage drop (67%) in VOC levels from traffic during lockdown in China. Analyzing the stations individually, the greatest reduction in BTX levels was recorded at the PLA station (Alicante), accounting for a percentage concentration reduction of 86.0%, 87.1% and 90.8% in benzene, toluene and xylene, respectively, in the lockdown period compared to the reference period. However, there were also strong variations in each VOC measured for the other stations. Benzene and xylene concentrations recorded average decreases of up to 78.5% and 49.4% in PNAT (Castellón), while toluene recorded an average decrease of up to 49.2% at PIST station (Valencia). The latter figure is in agreement with PM10 and PM2.5 reductions found in this site as a result of the mobility restrictions that resulted in a traffic drop. Therefore, apart from a decrease in primary particle emissions due to lower traffic flow, it is expected that this reduction in BTX levels has contributed to the decline found in PM2.5 levels by limiting the further photooxidative production of SOA.



Figure 9a–c shows the daily evolution of VOCs at the different stations. Benzene showed a clear decrease in its daily concentrations in all stations throughout the period, only showing slight increases at the end of the lockdown period with respect to the reference period at the PNAT station. Although the same trend can be observed at the PLA station for toluene and xylene, leading to the large overall percentage decreases previously highlighted, it can also be seen that there have been non-negligible emissions at the other stations (PIST and PNAT), resulting in similar and even higher daily concentrations than in the reference period for some days. While particles can be both primary and secondary pollutants, at these stations, BTXs are mainly primary, being largely contributed by vehicle exhaust. This explains the higher variations in BTX than in PM, the latter being softened by other emission sources and processes, as stated above.





4. Conclusions


The COVID-19 pandemic led to an unprecedented reduction of anthropogenic activity. This work evaluated the variation of PM10, PM2.5 and BTX concentrations due to the COVID-19 lockdown. Unlike most of the studies in which AQCs in cities have been considered, this work presents a study of the behavior of PM concentrations considering a network of AQCs within a whole region, i.e., enclosing cabins exposed to different emissions (traffic, industrial, background), in different environments (urban, suburban, rural) and locations (coast, inner). A thorough statistical analysis of PM was carried out.



Despite a halt in human activity, PM concentrations did not follow the expected behavior in this lockdown. PM10 concentrations showed an overall percentage reduction of 16.5% in 2020 while PM2.5 levels increased by 3.1%. This period also showed lower variability of concentrations than the reference as observed in the box plots. Nonsupervised cluster analysis confirmed that the main similarities in concentration trends in different AQCs respond to the type of emissions they are exposed to. Urban and rural areas recorded a reduction in PM10 and PM2.5 levels, while suburban areas experienced an increase in both PM fractions. As expected, AQCs labelled as urban and exposed to traffic emissions experienced the most drastic reductions, while in industrial areas the reductions were more moderate for PM10, and an increase for PM2.5 was observed. The increase of the PM concentration in some AQCs during the period studied in 2020 may, in part, be explained by meteorological parameters, as a dependency has been found between PM and wind speed, relative humidity and rainfall. Exhaustive statistical analysis has been carried out by applying blind clusters to explore the behavior of the AQC network, confirming similar performance in groups of cabins classified by their features.



Our study confirms that the stoppage of anthropogenic activities during the lockdown has also affected the hourly pattern of particle concentration. In general, it has flattened the profile and reduced the average values, especially in rural and traffic AQCs.



Reduction of the activity during the COVID-19 lockdown resulted in a diminution of contaminants as observed in many observational and model studies worldwide. In this study, we have found substantial drops in benzene, toluene and xylene by 77.4%, 58.0% and 61.8%, respectively. As stated above, for emission sources other than traffic, particles can be both primary and secondary pollutants, e.g., heating systems and dispersed emissions from surrounding industrial or farming areas. The chemistry of PM is non-linear and complex, and the oxidative capacity of the atmosphere might have increased due to enhanced ozone concentration resulting from less NO titration, leading to an increase of secondary aerosols. This, together with meteorological aspects, might have compensated for and lessened the overall reduction of aerosols.



Even though this lockdown allowed us to analyze a unique scenario, the brevity of this period of study calls for the further characterization of the worldwide impact of the reduction in anthropogenic activity on PM and other pollutants’ concentrations. Accordingly, more research on PM chemical composition and emission sources is needed to fully understand and explain the impact of lockdown on PM concentration and size distribution. Our study supports the idea that the control of the air quality, especially of particulate pollution, has to be evaluated considering different factors: emission sources, secondary formation, effective oxidizing capacity of the atmosphere and meteorology.



The evaluation period has been a unique opportunity, and our study, by including coverage of different scenarios and a thorough statistical analysis, presents valuable information on the effect of the reduction and halt of anthropogenic activities over a network of AQCs comprising different environments and affected by different types of emission sources. Our findings may help to establish a basis for future scientific air pollution control strategies and for improving air quality policies to counteract air pollution and to place human health at the center of urban planning.
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Figure 1. Location of the monitoring air quality stations on the Spanish Mediterranean coast. Map data: © 2022 Google. Image Landsat/Copernicus. 
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Figure 2. Percentage variation of PM10 and PM2.5 for each station. Codes below ACQ names refer to their type of environment, U: urban, S: suburban, R: rural; and type of environment, T: traffic, I: industrial, B: background. 
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Figure 3. Variation of PM for all the stations and stations grouped according to different characteristics. 






Figure 3. Variation of PM for all the stations and stations grouped according to different characteristics.



[image: Atmosphere 13 00097 g003]







[image: Atmosphere 13 00097 g004 550] 





Figure 4. (a,b) Box plots by environment type. (a,b) represent PM10 and PM2.5 respectively in the reference and the lockdown periods. The marker inside the boxplot is the median, and lower and upper box boundaries are the 25th (Q1) and 75th (Q3) percentiles, respectively. Lower and upper whiskers represent Q1 − 1.5·IQR and Q3 + 1.5·IQR, respectively. Dots are outliers. 
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Figure 5. (a,b) Box plots by emission type. (a,b) represent PM10 and PM2.5 respectively in the reference and the lockdown periods. The marker inside the boxplot is the median, and lower and upper box boundaries are the 25th (Q1) and 75th (Q3) percentiles, respectively. Lower and upper whiskers represent Q1 − 1.5·IQR and Q3 + 1.5·IQR, respectively. Dots are outliers. 
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Figure 6. Hourly PM10 (a) and PM2.5 (b) concentration profile of working days and weekends for the reference and lockdown periods. 
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Figure 7. Dendrogram using 1-R (Pearson coefficient) as distance using PM10 and PM2.5 concentration data. 
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Figure 8. % Variation of BTX for all stations considered. 
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Figure 9. (a) Benzene (b) toluene and (c) xylene daily evolution at different stations during lockdown and reference period. Values expressed in µg·m−3. 
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