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Abstract

:

The north Indian states of Haryana and Punjab are believed to be the key sources of air pollution in the National Capital Region due to massive agricultural waste burning in crop harvesting seasons. However, with the pandemic COVID-19 hitting the country, the usual practices were disrupted. COVID-19 preventive lockdown led to restricted vehicular and industrial emissions and caused the labours to leave the agricultural business in Haryana and Punjab. With the changed scenario of 2020, the present study investigates the variations in air quality over the Haryana and Punjab, and their relative impact on the air quality of Delhi. The work attempts to understand the change in agricultural waste burning during 2020 and its implication on the local air quality over both the states and the transported pollution on the national capital Delhi. The study utilises in-situ data for the year 2019–2020 with satellite observations of MODIS aqua/terra for fire counts, aerosol optical depth (AOD) and back-trajectories run by the hybrid single-particle Lagrangian integrated trajectory model (HYSPLIT).
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1. Introduction


Air quality is a global issue that recognizes no boundaries and creates regional weather and climate imbalances due to its strong impact on radiation alterations [1]. The aerosols are considered interactive with meteorological parameters compared to other gaseous pollutants [2]. The higher values of aerosols loading and their imperative interaction between various weather and climate processes over south-east Asia are among the top priorities in the air pollution studies for the past few years to solve the regional to global scale issues [3]. Over the Indian region, the aerosol loading is high, with an identified hotspot region over the Indo-Gangetic plains [4]. These aerosols are crucial for aerosol-cloud-precipitation interactions [5] and change the intensity of precipitation [6], which makes the understanding of aerosol variation more important.



The pre-monsoon season (March–May) is identified with higher heating of the land areas and significant aerosols concentration over northern India [7]. The air quality over the national capital (Delhi) is far too poor by the threshold values defined by the Government of India around the year and is believed to be a result of locally emitted pollutants along with transported ones from the nearby regions [8]. Apart from local emissions of the substantial amount of various air pollutants, the significant contribution in transported air pollution to Delhi is believed to be by the agricultural waste burning from the north-Indian states of Haryana and Punjab in both Rabi and Kharif crop seasons [9,10]. The crop residue burning shows maximum emissions of PM2.5 during winter months (October–November), followed by summer months of April and May over the Indo-Gangetic plains [11,12]. The residual crop burning is a systematic process that has been getting worse over the years [13].



The year 2020 encountered the unfortunate pandemic situation of COVID-19 spread world-wide, with a halt to industrial and transportation sectors due to lockdown for preventing the virus spread and unexpected recovery of air quality globally [14]. The Indian region also benefits from improved air quality [15,16,17], though different regions show improvement in various pollutants by a different magnitude. The pandemic hit year also presents a unique opportunity to understand the background values of various pollutants over different regions in real scenarios [18] and understand the changing patterns of transported pollution over heavily polluted areas in Delhi. To understand the impact of the COVID-19 lockdown (24 March–31 May 2020) over the Indian region, we need to focus on the pre-monsoon season, which marks the harvesting period for the Rabi crops [19]. The published literature confirms that air quality during the COVID-19 lockdown over Delhi has improved significantly [20,21]. In addition, there was a shift in harvesting of Rabi crops due to the migration of farming labours during the lockdown over northern India [22]. Moreover, recent studies suggest a good correlation between higher PM2.5 concentrations to COVID-19 spread over the Indian region [23]. Together, these situations make it an interesting case study to understand how the locally improved air quality over Delhi and shift in agricultural harvesting over Haryana and Punjab are related during the COVID-19 lockdown period.



The present study explores this relationship between the lockdown period air quality improvement over Delhi and the local air quality over Haryana and Punjab with a watch on the residual crop burning during the period. The concentration of air pollutants changes even if emissions are the same depending on changing weather conditions [24]. Weather parameters play critical roles in modulating air pollutants and are considered in all prediction modes for pollutants [25,26]. Therefore, to compare two particular years’ data for any pollutant, one needs to account for different weather conditions. Recently, Shi et al. [24] have proposed the de-weathering technique, based on random forest algorithm proposed by Grange et al. [27], which is able to normalise the weather impacts on pollutants, and provide one-to-one comparisons for any site. The present work utilised the de-weathering technique along with detrending of data sets to remove any biasness involved due to seasonality of meteorological variations. The work attempts to find if the crop burning during the lockdown period changed the air quality over Delhi significantly amid the absence of background pollution from vehicular and industrial emissions.




2. Material and Methods


2.1. Study Area


The study is focused on the northern India states: Punjab, Haryana and Delhi, depicted in Figure 1 with major road, railway, highways network, industrial region and rivers. Punjab is situated in the north-western part of India lies between 29°30′ to 32°32′ N and 73°55′ to 76°50′ E, which covers an area of 50,362 square kilometres with a population of 27 million [28]. The state bordered by the neighbouring country Pakistan in the west, Himachal Pradesh in the north-east, Haryana and Rajasthan in the south and the union territory Jammu and Kashmir in the north. The state has rich alluvial plains with numerous streams and some broad water canal systems. An undulating hill belt connects along the north-eastern portion of the states at the Himalayan foothills. It has a mean height of 300 m AMSL, with 180 m in the south-west and greater than 500 m in the north-east boundary.



Haryana, the land-locked state is located between 27°39′ to 30°35′ N and 74°28′ to 77°36′ E covering an area of 44,212 square kilometres with a population of 25 million [28]. The elevation varies from 200 m to 1200 m ASL. The state has only 4% area covered by forests. The Karoh Peak, the highest peak of Haryana located in the Panchkula district near the Morni hills in the Shivalik hill ranges in the greater Himalayas with an elevation of 1467 m. The state has four topographical landscapes like the Yamuna–Ghaggar plain, the lower Shivalik Mountains, the Bagar tract and the Aravali ranges. The Yamuna River flows through Haryana’s eastern boundary, which is the tributary river of the Ganges.



Delhi, the National Capital, is located in India’s northern part lies between 28°24′ to 28°52′ N and 76°50′ to 77°21′ E. It covers 1484 square kilometres, with a population of about 16.8 million [28]. The city was bordered by different satellite cities like Gurgaon, Faridabad of state Haryana and Noida, Ghaziabad cities of the state Uttar Pradesh (UP). The Yamuna River constructs the eastern border of the area and separates the UP and Punjab. Delhi attributes to a humid subtropical climate (Koppen Cwa) and also a hot and semi-arid (Koppen BSh) climate [29]. Delhi receives an annual rainfall of 714 mm, with the vast majority of which falls in the Monsoon season [30].




2.2. Data and Methodology


The in-situ observations are location specific and one need to use satellite data for complete coverage of the regions. The use of satellite data for the analysis of aerosol transportation and variation is very common for finding the total column loading [31].



The primary data used for this study is the MODIS Level 2 daily Aerosol Optical Depth product of 1 km resolution, which uses the multi-angle implementation of atmospheric correction (MAIAC) algorithm for retrieving aerosol optical depth (AOD) [32,33]. The analysis was performed with green band AOD at 0.55 µm with the Aqua and Terra operational collection for the period 2017–2020 (January–May) over the study region. To support the study variability over pre-COVID period, visible infrared imaging radiometer suite (VIIRS) thermal anomalies from NASA’s Fire Information for Resource Management System (FIRMS) [34,35] was analysed over the study regions from 2017–2020 with the improved spatial resolution of the 375 m using MOD14/MYD14 Fire and Thermal Anomalies algorithm. Relating with the fire anomalies, NDVI of the crop over the region was analysed with the MODIS vegetation indices on daily intervals at a spatial resolution of 500 m using red (620–670 nm) and near-infrared (841–876 nm) bands from Level 2 atmospheric corrected surface reflectance products of Aqua and Terra operational collection [36]. The satellite data has been considered for the whole region (all the districts of Haryana and Punjab) for MODIS fire counts, AOD and NDVI values.



At ground level, inter-comparison and validation with the satellite data are supported by the United States Environmental Protection Agency (US EPA) hourly PM2.5 data of Delhi [37] and Central Pollution Control Board (CPCB) daily PM2.5 data of other reference sites (Amritsar, Ludhiana, Gobindgarh, Faridabad, Gurugram, Rohtak) [38]. The daily data recorded by CPCB used the tapered element oscillating micro balance (TEOM) method for measuring PM2.5 (μ gm−3) [39,40]. The in-situ data of PM2.5 concentration for three representative stations of Punjab (i.e., Amritsar, Ludhiana and Gobindgarh) and three stations of Haryana (Faridabad, Gurugram and Rohtak) for the period 2017–2020 (January–May) have been analysed for the present work. These stations are chosen as representative sites for the states due to heavy pollution load over the year for them and the sites for industrial and agricultural industries associated with them. The average proportion of the satellite data coverage is estimated to be about 96.35% throughout the study period. Specifically, the data for March 2018 and May of 2019 is estimated to have the least coverage of about 92.29% and 91.90%, respectively. To support the study, the northern most flank of the region experiences this missing data and presumed that this trivial fraction of missing data does not affect the overall analysis.



We calculated back trajectory analysis by using National Centres for Environment Prediction (NCEP)/National Centre for Atmospheric Research (NCAR) GDAS (Global Data Assimilation System) 1° data and HYSPLIT version 4 [41,42,43]. For the present work, we have calculated one day (−24 h) isentropic back trajectories (three hourly), supported by the source-apportionment method concentration weighted trajectories (CWT) analysis has been employed in the present study [44]. The back trajectories have been calculated over Delhi to account the transported pollution analysis. The cluster analysis based on the Euclidian distance for the calculated back trajectories have been employed in the present work to find the mean trajectories based on the distance. The data used in the present study has no gaps in the in-situ, reanalysis (GDAS data) or satellite observations of AOD and NDVI, whereas the fire counts are on the event basis.



While comparing the data for a particular year from the previous years for any pollutant, the role of meteorology plays an important role and cannot be ignored. “De-weathering” is one technique, removing the barriers of comparing different years data by removing the influence of meteorological conditions that effect the trend of air quality [45]. De-weathering provides a distinct outline of the air quality trend and the pollutant concentration [24]. This study utilizes de-weathering technique using the random boosted regression tree model using openair r package [46] to isolate the concentration trend in air quality by reducing the recent direct pollutants. It was created with the basic meteorological parameters of temperature, relative humidity, wind speed, wind direction and other influencers as day of the week and week of the year to identify the changes they signify the underlying air quality trend during the lockdown period. Meteorological datasets of temperature, relative humidity, wind speed and direction were collected for the sites other than Delhi from https://app.cpcbccr.com/ccr/#/caaqm-dashboard-all/caaqm-landing (accessed on 26 February 2021) and for Delhi the parameters were acquired from https://www.mosdac.gov.in/aws-time-series (accessed on 26 February 2021). The openair r package is available in https://davidcarslaw.github.io/openair/ (accessed on 12 June 2021).





3. Results


3.1. The Normalized Difference Vegetation Index (NDVI) and Fire Counts over Punjab and Haryana during the Pre-Lockdown and Lockdown Phase


The NDVI has been used for getting the indication of crops over the states of Haryana and Punjab for 2017–2020 along with fire counts as observed by MODIS data for the same period. Figure 2 represents the average fire counts for 2017–2019 and the comparative values for the 2020 period. The lockdown period (i.e., 24 March–31 May 2020) has been masked by red shade starting by the red dotted line in the figure. As one can observe, the fire counts usually increase from the last week of April to May end during Rabi crops harvesting over the region. For 2020, there is a remarkable shift in fire counts, which reaches its peak by the end of May instead of having a peak in the first week of May for 2017–2019. The NDVI values, which are reducing during the same period, confirms the almost constant range during the mid-April to end of May month, which is higher than previous year ranges during May.



Nevertheless, the NDVI variation for 2020 is well within the uncertainty range of 2017–2019. The reduced NDVI values indicate the ripening and harvesting of crops took during the similar period as that of the previous years over Punjab and Haryana; however, in the crop residual burning, there is a remarkable shift during the lockdown period. During the lockdown period, the migration of labours is one primary reason for this anomaly in the fire counts [22]. The results suggest that though NDVI variations are on a similar scale to temporal variations, there is a temporal shift in the fire counts related to crop residual burning, which may impact the pollution loading differently over Delhi.




3.2. Variation of PM2.5 and AOD over Punjab, Haryana and Delhi during the Lockdown Phase


To investigate the local scale variations, the in–situ observed PM2.5 values over the study area are analysed for the lockdown period, i.e., 24 March–31 May 2020, and for the same period for 2017–2019. Figure 3 depicts the box–whisker plot for selected stations over the study area to bring out the differences during the lockdown period from previous years. It is to be noted that the data has been de-weathered for all the year to produce the box–whisker diagram shown in Figure 3. The selected sites are based on their spatial location in the study area and depicted by the colour stars in Figure 1. As the meteorological conditions can mask the year wise pollution variation, we used the de–weathering technique [24], as mentioned in the data and methodology section for the datasets shown in Figure 3. Another popular way of removing any possible trends in time series is detrending, which was not changing our datasets in the analysis and thus has not been adopted for the analysis. The results clearly show the decrease in PM2.5 concentrations over all the sites, though the average values of PM2.5 for the whole period does not decrease significantly for Gobindgarh. It is further noted that some stations, as Gobindgarh, Faridabad, Gurugram and Rohtak, though had a sharp decrease in PM2.5 concentrations during the lockdown period, still have higher values of PM2.5 than the daily specified threshold values of 60 µg/m3 [47]. However, the percentage change in PM concentration is ~40% during the lockdown period for whole region, as mentioned by Sharma et al. [48]. The results indicate that for most of the days, the PM2.5 concentrations over the study area are above the threshold values specified by CPCB. The lockdown restriction reduced the vehicular and industrial emissions to zero, but the household cooking; thermal power plants; crop residual burning, and other small-scale activities may be keeping these reduced values on the higher side over the study area [4].



Figure 4 shows the percentage change in AOD values for March, April and May months over the study region. It is evident that March, which experienced the lockdown in the last week (i.e., from 24 March), exhibits a positive percentage change for the study region with higher values over Haryana and Delhi, indicating the increase in pollution load during 2020. The reasons may be twofold: (a) different weather conditions, e.g., weather in 2020 favoring the accumulation of air pollution, and (b) the consideration of whole month of March instead of only lockdown period, so the impact of the lockdown on March is not expected to be massive. The average data coverage for the study period is 96.35%. Further, the difference in the data coverage is less significant which are less than 4.81%—notably, May had the highest difference.



For April, the percentage change shifts to negative values for most regions, indicating the decrease in AOD loading during the lockdown. However, the interesting observation is that some of the areas shows almost no reduction in the AOD percentage change during the lockdown period, and there are some stations of Punjab even experiencing higher AOD loading even during the lockdown period (Bathinda, Sangrur, Barnala and Ludhiana). Such high values during the lockdown phase are mainly associated with various thermal power plants, oil refineries and small-scale industries located in these areas, which were operating even during the lockdown period. Another possibility with the no reduction in April and May is with the association of crop residual burning. As shown in Figure 2, the fire counts are considerably high from the last week of April to the end of May over the region. These burnings may be the reason for the pockets of less reduction or even an increase of AOD values over the study area.



The area-averaged AOD values for Punjab, Haryana and Delhi are also analysed from 1 January–30 June period for 2020 and 2017–2019 average values (Figure 5). The lockdown and post-lockdown (June) period is masked with red colour in Figure 5. The area average values show a substantial decrease in the AOD values for April month, but for May, during the last week, the values are of the same order as previous years or even higher for some cases during the lockdown. To account for the weekly changes in AOD values starting from lockdown day (i.e., 24 March 2020) to the end of lockdown (31 May 2020), we have divided the days to a weekly basis and compared the AOD from the average values of 2017–2019 in Figure 6. The first week consists of 24 March–30 March, second week counts 31 March-06 April and so on, with the last week enclosing 26–31 May 2020. The changes in the percentage were (negative) −00.71% to (negative) −47.75% for the weeks between March to May, indicating a decrease in overall AOD for the lockdown in 2020. However, the changes were positive for the last week of May, ranging from 25.93% to 53.17%, indicating a substantial increase in AOD in 2020 for this week.



The AOD values for June 2020 (post-lockdown) are significantly lower compared to the previous year average for all three states. The average values with no decrease or increase during lockdown periods strongly indicate the impact of crop residue burning over the region, resulting in higher fire counts (Figure 2). However, if we take the average of all the days of lockdown, the reduction in AOD is resulting as stated in various studies [48,49]. The in-situ and satellite observations indicate there is a strong relationship between poor air quality over the study area and crop residual burning during the lockdown period, which is not visible in the total period average values.




3.3. Understanding the Direct Impact of Crop Residual Burning on Transported Air Pollution to Delhi


To further investigate the impact of crop residual burning in Haryana and Punjab on the air quality, we compared the fire counts and PM2.5 in Delhi on specific days. The back trajectory analysis is common approach to find the source regions of transporting air masses [7,50], whereas the CWT analysis proved its suitability in capturing the source regions of transported pollution accurately [44]. Hence, the present study employed back trajectory and CWT analysis over Delhi to find out the source regions, and to correlate the higher pollution days with crop-residual burning events over Haryana and Punjab. To understand the air quality on higher fire count days over Haryana and Punjab, we first identified the days during the lockdown period with higher number of fire count and observed the PM2.5 concentrations over Delhi on the same day and the next day (Table 1). The spatial distance of cities/regions of Punjab varies from ~173–400 km to Delhi. So, for most of the cities of Punjab, dispersion will take 25–48 h with the available wind speed values to reach Delhi. On the other hand, for Haryana, it may be same day transport as well. Though the relation is more complex rather than fire counts over Haryana and Punjab versus Delhi Air quality, we attempted to see if the Delhi air quality shows spike in values with fire counts relation on specific days. It is clear that the PM2.5 concentrations are well above threshold values on the days of high fire counts and even on the following days. Though the values are in the range of average values of PM2.5 concentrations during the lockdown period (Figure 4), it is difficult to relate one to one these fire counts contribution for higher PM2.5 concentrations over Delhi.



For finding the transported pollution impact, we have calculated one day (−24 h) isentropic back trajectories over Delhi using GDAS 1° data by HYSPLIT. Figure 7a shows the trajectories for 2017–2019 over the Indian region. The cluster analysis has been performed based on Euclidian distance for each month and the mean trajectories have been plotted. It is clear that the air masses are directly approaching Delhi in one day, covering most of the districts of Punjab and Haryana. Though there are trajectories approaching from parts of Rajasthan and Madhya Pradesh, the significant contribution is from the states of Punjab and Haryana. To find the possible shift in back trajectory source regions during 2020, the one-day back trajectories are plotted during the lockdown period (Figure 7b). The result shows no major differences in the source regions for the back trajectories reaching Delhi in 2020 from 2017–2019. These back trajectories are widely covering most of the districts of both Punjab and Haryana, and the mean trajectories (clusters) are mostly originating from Haryana and Punjab in both the situations (Figure 7a,b).



To analyse the contribution of transported pollution in Delhi, we employed the source apportionment method; CWT. Figure 7c shows CWT analysis for the 24 March–31 May period during 2017–2020. The higher contribution comes from the districts located in the north-east direction to Delhi, including the districts from Haryana and Punjab: Bhiwani, Rohtak, Jind, Ludhiana, Khanna, Bathinda and Patiala. The states of Haryana and Punjab are home to several agro-based and engineering industries along with two major thermal power plants in Panipat (Haryana) and Bathinda (Punjab) (www.haryana.gov.in; www.punjab.ac.in (1 March 2021)). The oil refinery at Bathinda (Punjab) is also one major industry apart from cement and other small scale establishments over the region. The regions identified by CWT are a combination of industrial and agricultural waste burning regions, contributing to poor air quality over Delhi. Though the lockdown reduces the vehicular emissions significantly with only delivery trucks and medical services vehicles other than specially permitted transport vehicles, the power generation, fossil fuel and crop residual burning contribute to poor air quality in 2020 over the study area. The results suggest that though the area average values might have reduced during the lockdown period, there are many districts in the study area where there were no decreases in aerosol loading due to the aforementioned emission sources. The findings are crucial and contrary to many reports, advocating a constant decrease in aerosol loading over the area (~40%). On the other hand, the results also indicate the existence of higher base levels of aerosols over the study area irrespective of vehicular contributions.





4. Conclusions


The main findings can be summarised as follows:




	
The regulated vehicular and industrial emissions during the COVID-19 lockdown restrictions reduced the air pollution burden in the north Indian states of Haryana, Punjab and Delhi, but the values are still considerably higher and above the threshold.



	
Punjab and Haryana account for the few districts that are not showing any decrease in aerosol concentrations during COVID-19 lockdown. The reason may be attributed to crop residual burning along with various small and medium scale industrial operations in a limited capacity, thermal power plants and oil refinery. The overall reduction during the lockdown period based on spatial average of the region matches with the results reported by other researchers.



	
The aerosol loading over Delhi, though decreased significantly, still remains above the threshold range for most of the days during the lockdown period. The overall air quality is a result of local emissions and possibly considerable contribution from the Punjab and Haryana.



	
The back trajectory and CWT analysis has identified crop residual burning over Haryana and Punjab as one prime activity which was almost unchanged in quantity during the lockdown phase and contributed to the transported pollutants.








Results are showing that despite the restricted industrial and vehicular emissions, the higher than threshold values of PM2.5 exists over Delhi, parts of Haryana and Punjab. The study confirms that crop-residual burning in neighbouring states is one of the main reasons accounting for higher concentrations of PM2.5 in Delhi with a lag of few hours to one day mostly. However, the results are preliminary in nature and need to be studied in-depth concerning chemical composition analysis of emissions and transported pollutants. The overall picture is clear and alarming over the area, with an immediate need of modified policies to control the pollution scenario and reduce the health problems.
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Figure 1. The map of study area (Haryana, Punjab and Delhi) with major road, railway, highways network and rivers in the region along with the industrial region (as stated in the legend). The seven sites where the in-situ observations of PM2.5 have been analysed are marked with different color stars, as mentioned in the legends. 
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Figure 2. The NDVI variations for the period 2017–2019 and 2020 with respect to fire counts (MODIS) over the study region. The lockdown period is masked with red colour. 






Figure 2. The NDVI variations for the period 2017–2019 and 2020 with respect to fire counts (MODIS) over the study region. The lockdown period is masked with red colour.



[image: Pollutants 01 00011 g002]







[image: Pollutants 01 00011 g003 550] 





Figure 3. The box–whisker diagram for the variation of in-situ PM2.5 values over Delhi, three stations of Punjab (Amritsar, Ludhiana and Patiala) and three stations of Haryana (Faridabad, Gurugram and Rohtak). The data has been de-weathered for the comparison following Shi et al. [24]. 
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Figure 4. The percentage change in AOD variation (MODIS AQUA/TERRA combined, 1 × 1 km, 550 nm) over the study region for the pre-monsoon months (March–May) for 2020 from the average values of 2017–2019. 
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Figure 5. The area averaged AOD variation (MODIS AQUA/TERRA combined, 1 × 1 km) for the period 2017–2019 and 2020 for Delhi (first row), Haryana (second row) and Punjab (third row). The respective locations of the region on the map of India are marked in the inset and the lockdown period is masked with red colour. 






Figure 5. The area averaged AOD variation (MODIS AQUA/TERRA combined, 1 × 1 km) for the period 2017–2019 and 2020 for Delhi (first row), Haryana (second row) and Punjab (third row). The respective locations of the region on the map of India are marked in the inset and the lockdown period is masked with red colour.



[image: Pollutants 01 00011 g005]







[image: Pollutants 01 00011 g006 550] 





Figure 6. The box–whisker diagram of variation of AOD values over Delhi, Haryana and Punjab (area averaged) from 24 March–31 May on weekly basis. Area averaged AOD for 2017–2019 is represented by grey and 2020 by orange. 
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Figure 7. The isentropic one day (−24 h) three hourly back trajectories for 24 March–31 May for (a) 2017–2019; (b) 2020 (the lockdown period). The red color trajectories indicate March, green color indicated April and blue color indicates May. Thin lines represent the trajectories and thick lines represent clusters based on Euclidian distance. (c) The CWT analysis for the 24 March–31 May (2017–2020). The black star indicates the position of Delhi, point of origin for these calculations. 
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Table 1. The fire counts (>50) days in Punjab and Haryana during lockdown period and the associated PM2.5 concentrations on same and next day over Delhi.
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	Date
	Punjab Fire Counts
	Haryana Fire Counts
	Delhi PM2.5 (µg/m3) Same Day
	Delhi PM2.5 (µg/m3) Next Day





	29 April 2020
	27
	86
	137
	139



	1 May 2020
	66
	64
	150
	103



	5 May 2020
	66
	34
	120
	141



	6 May 2020
	131
	28
	141
	89



	7 May 2020
	1069
	275
	89
	121



	8 May 2020
	1004
	361
	121
	143



	9 May 2020
	1036
	221
	143
	116



	10 May 2020
	247
	11
	116
	121



	11 May 2020
	604
	52
	121
	119



	12 May 2020
	1102
	358
	119
	155



	13 May 2020
	630
	46
	155
	129



	14 May 2020
	357
	329
	129
	122



	15 May 2020
	672
	312
	122
	145



	16 May 2020
	1020
	154
	145
	163



	17 May 2020
	1359
	286
	163
	161



	18 May 2020
	2923
	407
	161
	161



	19 May 2020
	1108
	238
	161
	137



	20 May 2020
	659
	117
	137
	120



	21 May 2020
	261
	30
	120
	151



	22 May 2020
	378
	67
	151
	139



	23 May 2020
	761
	72
	139
	123



	24 May 2020
	441
	90
	123
	133



	25 May 2020
	148
	58
	133
	130



	26 May 2020
	109
	21
	130
	120



	27 May 2020
	95
	8
	120
	108



	28 May 2020
	65
	16
	108
	789
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