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Ambient air pollution alone accounts for more than 3 million premature deaths worldwide. Low and Middle Income Countries (LMIC) account for most (~87%) of this disease burden. Air pollution in the megacities of these countries has risen to the levels of public health hazards forcing the cities to take emergency measures, such as issuing red alerts and vehicle-rationing interventions (VRI). Using in-situ and high-resolution satellite data, this research examines the efficacy of VRI in Delhi and Beijing, two of the most polluted cities of LMIC. This research shows that VRI reduced particulate matter (PM)  ≤  2.5 μm in aerodynamic diameter (PM2.5) in Beijing during the 2008 Summer Olympics. However, such interventions implemented in 2015 and 2016 in Beijing and in 2016 in Delhi were ineffective in improving air quality. Moreover, the effects of such interventions were short lived, for example 54% of the cleaning in Beijing disappeared within 2 weeks after the Olympics, and Delhi witnessed a 34% increase in PM2.5 during the 2 weeks after the interventions. Both cities observed excess cardiopulmonary mortality even during the interventions. Short- and long-term preventive and mitigation strategies are needed to manage the air pollution disease burden.
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INTRODUCTION

Our image of rising smoke from chimneys, once used to be a symbol of prosperity, began to shatter with the discovery and understanding of its hazardous health effects. For example, the 1952 London Smog is believed to have cause more than 4,000 excess deaths (Hunt et al., 2003; Bell et al., 2004). Although events like the 1952 London Smog proved catastrophic to human health, such events led to the establishment of legislation (for example, the Clean Air Act in 1956 in the United Kingdom and in 1970 in the United States) to improve air quality. Ambient air quality in high income countries (HIC) has improved dramatically, e.g., airborne particulate matter  ≤  2.5 μm in aerodynamic diameter (PM2.5) in the US declined by 41% from 2000 to 2017 (EPA, 2018). However, events similar to the 1952 London Smog have been frequently observed in the cities of developing countries in recent years (CNN, 2014a; WHO, 2014; The Guardian, 2015).

A recent study showed that ambient air pollution alone accounts for more than 3 million premature deaths worldwide (Lelieveld et al., 2015; WHO, 2016). However, Low and Middle Income Countries (LMIC) account for most (~87%) of this disease burden (WHO, 2016). Air pollution in the megacities of these countries has risen to the levels of public health hazards forcing the cities to take emergency measures, such as issuing red alerts and vehicle-rationing interventions (VRI) (CNN, 2014a,b, 2016). For example, Delhi and Beijing are two of the most polluted cities, where annual average concentration of PM2.5 was many-fold higher than the WHO standards (WHO, 2014). These two cities have implemented interventions in recent years in attempts to mitigate the alarmingly high level of ambient air pollution. Using high-resolution satellite data and data from American Embassy in Beijing and Delhi, this research evaluates the efficacy of VRI in improving air quality and reduction in the associated mortality burden.

POLICY OPTIONS AND IMPLICATIONS

Attempts are being made to improve air quality in Delhi and Beijing. For example, at the turn of the 21st century, Delhi enforced the conversion of all gasoline- and diesel-based public transport vehicles to compressed natural gas (CNG), and closure of polluting industries (Narain and Krupnick, 2007). These interventions were not sustainable in reducing air pollution largely because of an unabated increase in emission sources (Kumar et al., 2016). Continuous deterioration of air quality forced the government of Delhi to take emergency measures in recent years. The city introduced a VRI (also known as even-odd formula) during the first 2 weeks of January 2016 (Table 1), followed by VRI during April 16 to 30, 2016. The VRI mandated that even and odd number plate vehicles drive on alternate days, restricting the number of vehicles plying the roads to half. Similarly, air pollution posed a significant health concern and put China's attempt to host the 2008 Beijing Olympics at risk. In order to host the Olympics, Beijing instituted radical measures to improve air quality. Like the Delhi intervention, VRI were implemented in Beijing in December 2015 and 2016 due to hazardous levels of air pollution (Table 1) (Chen et al., 2012). However, the efficacy of these interventions are not fully understood due to limited coverage of air pollution. Leveraging high resolution satellite data and limited in-situ monitored data, this research examines the effects of VRI on air pollution (re)distribution in two of the most polluted cities of the world.


Table 1. Trial dates.
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METHODS AND MATERIALS

This research relied on data from three different sources: in-situ monitored hourly PM2.5 data at the American Embassies in Beijing and Delhi, NASA's satellite-based Aerosol Optical Depth (AOD) data, and in-situ monitored hourly meteorological data from the National Climatic Data Center.

AOD Retrieval

MODIS (or MODerate Resolution Imaging Spectroradiometer) data were acquired from NASA for both cities from 2000 to 2016. For this research, MOD04_3K products (Version 6.0) were used to extract AOD over land and ocean. The spatial resolution of these data is ~3 km at nadir. Methodological details concerning the retrieval of AOD using radiative transfer models are detailed elsewhere (Levy et al., 2007).

NCDC Data

Integrated Hourly Surface meteorological data were acquired from the National Climatic Data Center (NCDC) (NCDC, 2015).

AOD-NCDC Integration

Given low intra-city variability in weather conditions at a given point in time, all AOD data points ± 1.5 h timestamp of meteorological data were assigned the same value.

Data Integration for Empirical Model

Federal Reference Method (FRM) approved instruments are deployed at the American Embassies in Delhi and Beijing, which monitor and record data in real-time (AirNow, 2017). The instruments have been operational since 2008 in Beijing, and since 2014 in Delhi. AOD-NCDC data were collocated with the PM2.5 data from the instruments deployed at the American Embassies. All AOD data points within 0.015° (~1.5 km) distance of the monitoring site (i.e., American Embassy in respective cities) and 1 h time interval of PM2.5 time interval were averaged to match the temporal resolution of PM2.5 data. Given overpass time of Terra satellite is about 10:30 a.m. and Aqua satellite 1:30 p.m., only 1 h PM2.5 was matched for each day's AOD. This resulted in 66 matched data points for Delhi and more than 600 data points for Beijing. Likewise, hourly metrological data acquired from NCDC were collocated with the AOD-PM2.5 data. Since most meteorological conditions that are correlated with AOD are collinear, factor analysis was conducted to group them into factors of correlated meteorological conditions. As shown in Table S1, the first two factors alone accounted for ~97% of the total variability. Therefore, these two factors were used for developing an empirical relationship between ground monitored PM2.5 and satellite-based AOD. The first factor is dominated by dew point and surface temperature, which has high inverse loading (of its correlation with the factor) for sea level atmospheric pressure in Delhi. Generally, this combination is considered as a proxy of boundary layer height and degree of air pollution dispersion. The second factor is dominated by relative humidity and provides information on water vapor concentration that can greatly affect AOD (Kumar et al., 2007), and account for column abundance of water vapor component of AOD. For Beijing, surface temperature has high positive loading and relative humidity has high negative loading.

AOD-PM2.5 Empirical Model

Employing the city-specific autoregressive model [implemented using the xtreg procedure in Stata (STATA, 2015)], observed PM2.5 was predicted with respect to AOD, two factors of meteorological conditions, adjusting for monthly trend. Given temporal variability in AOD and metrological data, day-specific random effects were introduced to account for intra-day clustering., as
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where yit ~ PM2.5 concentration at ith site at tth time; τit is AOD at ith site on tth day; Mit is the matrix of factor (two factors in this research) scores of meteorological conditions; and m is month number of the year (1  =  January and 12 ~ Dec) used to account for seasonal dependence of PM2.5; u ~ νi + Θt + εit, which has three components: νi is site-specific random effect; Θt is day specific random effects, and εitis white noise ~ (0; σ2). These models have been tested and cross-validated using in-situ (or ground monitored PM2.5 data) in both high and low pollution environment, such as Cleveland, OH (USA) and Delhi (India).

Two models were run separately for each city. AOD, factors of meteorological conditions and seasonality accounted for 71% and 67% variability in PM2.5 in Delhi and Beijing, respectively (Table S2). Given the focus of research on short-term changes in air pollution, land-use and land-cover (LULC) as these are unlikely to change within short period of time, and certainly not within weeks and months. Predicted and observed PM2.5 for both cities are shown in Figures 1A,B. Using the parameters of these empirical models, daily PM2.5 was predicted using AOD and meteorological conditions from 2000 to 2016 for both cities under the assumption that the empirical relationship between PM2.5 and AOD observed at American Embassy is applicable to all areas around each city included in the analysis.


[image: image]

FIGURE 1. Hourly observed and predicted PM2.5 in Delhi and Beijing. (A) Based on 2014–15 PM2.5 data monitored at American Embassy in New Delhi, India. (B) Based on 2008–2015 PM2.5 data monitored at American Embassy.



Assessing Mortality Burden

Based on the meta-analysis of epidemiological studies, WHO has developed cardiovascular morality burden with respect to airborne PM2.5 (WHO, 2016), which suggests a 0.5% increase in mortality with every 10 μg/m3 increase in PM2.5 from the base line 24 h average threshold of PM2.5 established by WHO, i.e., 25 μg/m3. Using these guidelines, excess mortality (from the baseline) was computed as:
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Where Δy is % excess mortality; x is observed PM2.5 and α ~ 24 h average WHO threshold of PM2.5.

Approaches for Assessing the Efficacy of VRI

Two approaches were used to assess the efficacy of VRIs: a) longitudinal: comparison of PM2.5 in the city 2 weeks before, during and 2 weeks after the intervention, and b) cross-sectional: comparison of PM2.5 within the city (i.e.,  ≤  25 km from the city center) with the PM2.5 outside the city (i.e., areas between 25–50 km and 50–75 km), which were outside the jurisdiction and scope of the intervention. The main assumption is that the intervention will have the highest impact inside the city, moderate impact in the transition zone (i.e., 25 and 50 km), and little impact in the areas outside the city, which were not subject to these interventions, adjusting for meteorological conditions.

RESULTS

The annual average concentrations of PM2.5 monitored at the American Embassies in Delhi and Beijing in 2014–15, were 117.5 and 90.5 μg/m3, respectively. There is a strong seasonal pattern in PM2.5 distribution in both cities as well as daily variability (Figure 1). For example, the daily average concentration of PM2.5 can exceed 400 μg/m3 especially in December and January in both cities. While winter monthly PM2.5 is significantly lower in Beijing than in Delhi, summer PM2.5 in Delhi is lower than that in Beijing (Figure 1A). Meteorological conditions, mainly higher temperature (and low atmospheric pressure) in Delhi that facilitates dispersion can be partly responsible for lower concentration of PM2.5 in summer as compared to Beijing. Moreover, frequent high levels of rain in Delhi during Monsoon can scavenge (drain) airborne particles during summer (Kumar et al., 2007).

Both cities have implemented VRIs several times (Table 1). Partial vehicle interventions in Beijing began on July 1, 2008, banning about 300,000 heavy-duty polluting vehicles. Air pollution in Beijing was examined for four periods: (a) 2 weeks before the intervention, (b) partial intervention, (c) during the Olympics (07/19/2008 to 09/20/2008), and (d) 2 weeks after the Olympics. Since AOD retrievals using satellite data were not possible due to extreme foggy conditions in Beijing during winter months, only in-situ monitored data from the American Embassy were used to examine PM2.5 before, during and after the interventions implemented during winter months in 2015 and 2016.

VRI in the City Center Using in-situ Data

The average PM2.5 level at the American Embassy in Beijing during the partial intervention before the Olympics (i.e., June 30 to July 19, 2008) was 108 μg/m3, which accounted ~4.2% excess mortality (Table 2A). Two weeks before the introduction of full fledged interventions, PM2.5 concentration declined 32%, which further declined to 70.9 μg/m3 during the Olympics. PM2.5 levels in the city were still about three times higher than the daily and annual average PM2.5 thresholds (i.e., 25 μg/m3) established by the World Health Organization (WHO). PM2.5 levels 2 weeks after the Olympics were higher than those 2 weeks before the Olympics. This increase however was 8.3%. However, during the 2015 and 2016 VRI, PM2.5 in the city increased, which accounted for 7.5 and 11.8% excess mortality in 2015 and 2016, respectively.


Table 2A. Average PM2.5 (measured in μg/m3) in Beijing and Delhi 2 weeks before, during and 2 weeks after the vehicle rationing intervention.
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PM2.5 level in Delhi (at the American Embassy) were not available 2 weeks before the January 2016 intervention. However, PM2.5 in Delhi during the intervention was 292.8 μg/m3, which was significantly higher than the concentration observed 2 weeks after the intervention. Nonetheless, the excess mortality burden in the city during and after the January 2016 was 13.4 and 12.7%, respectively. The April 2016 intervention was also ineffective, because PM2.5 level before the intervention was 60 μg/m3, which almost doubled (i.e., 114.7 μg/m3; excess mortality burden ~4.5%) (Table 2A). PM2.5 in the city declined to 79 μg/m3 after the intervention period, but still accounted for 2.7% excess mortality.

VRI Inside and Outside the City Using Satellite Data

PM2.5 estimates derived using the satellite data were computed before, during and after VRI within 25 km, 25–50 and 50–75 km distance from the city center in both cities. In Beijing, PM2.5 concentration 2 weeks before the VRI (during the Olympics) was 50 μg/m3, which declined to 39.2 μg/m3 (or 52% reduction) during the intervention period (i.e., 2008 Olympic period 07/19/2008 to 09/17/2008) (Figures 3, 4A and Table 2B). Although this decline was significant, PM2.5 concentration was still higher than the 24 h threshold of PM2.5 (i.e., 25 μg/m3), translating to 0.7% excess cardiopulmonary mortality (Lim et al., 2012) (Table 2B and Figure 2). Longitudinal comparison suggests that the average PM2.5 within 25 km inside the city increased from 39.2 μg/m3 (during Olympics) to 59.8 μg/m3 2 weeks after the Olympics, suggesting that 21% of the cleaning during the Olympics disappeared within 2 weeks after the interventions during the Olympics. The effect of intervention was more prominent in the areas within 50–75 km outside the city (average concentration of PM2.5 was ~26.9 μg/m3 during the Olympics), suggesting city pollution could be one of the contributing factor in the areas outside the city (Figure 4A).


Table 2B. Average PM2.5 (measured in μg/m3) in Beijing (June 30 to October 5, 2008) and Delhi 2 weeks before, during and 2 weeks after the vehicle rationing intervention in 2015–2016 winter (i.e., December 15, 2015 to January 31, 2016).
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FIGURE 2. (A) Monthly concentration of PM2.5 monitored in American Embassy Premise in Delhi (B) and Beijing (C).



In Delhi, the average PM2.5 concentrations within 25 km around the city before, during and after the intervention were >160 μg/m3, six times higher than the 24 h WHO standards. In contrast to Beijing, there was a small increase of 2% instead of decrease in Delhi during the intervention, and 34% increase during 2 weeks after the intervention (Table 2B). The difference in the baseline (i.e., 2 weeks before the trial) PM2.5 inside and outside Delhi was 20 μg/m3 (Figures 3B, 4B). The areas outside the city (i.e., 50–75 km away from the city center and outside the jurisdiction of the city and outside the scope of the intervention) witnessed a 27% increase in PM2.5 during the intervention in Delhi (Figure 3B). If the rate of increase outside the city is extrapolated to the areas inside the city, the levels of PM2.5 in the city could have been 208 μg/m3 without the VRI. Thus, the intervention in Delhi contained a 25% (i.e., 27% increase in areas outside the city−2% increase in the city), or 44 μg/m3, increase in PM2.5. The PM2.5 concentration monitored at the American Embassy in Delhi was higher than that average concentration within 25 km around the city center. The concentration in the city (within 25 around the city center) increased to 221 μg/m3 (34% increase) during 2 weeks after the intervention (i.e., January 16–31, 2016), which could have been responsible for 9.8% excess mortality due to cardiopulmonary mortality (Beelen et al., 2014b) (Table 2B).
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FIGURE 3. (A) PM2.5 (μg/m3) concentration before, during and after vehicle rationing programs in Beijing and Delhi. (B) Mortality burden of airborne PM2.5 concentration before, during and after the VRI. aMonitoring trial dates in Delhi refer to the following time frames: January−01/01/2016 to 01/14/2016; April−04/15/2016 to 04/30/2016. bMonitoring trial dates in Beijing refer to the following time frames: 2015−12/08/2015 to 12/11/2015, 12/18/2015 to 12/21/2015; 2016−12/16/2016 to 12/21/2016. cSatellite based estimates for Delhi were computed December 2015 and January 2016 and for Beijing before (06/30/2008 to 07/19/2008), during (07/19/2008 to 09/20/2008) and after (09/21/2008 to 10/05/2008) the 2008 Olympics.
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FIGURE 4. PM2.5 (μg/m3) distribution 2 weeks before, during and two after the even-odd traffic rationing programs and Delhi, India (A) Beijing, China (B).



DISCUSSION

Both cities witness hazardous levels of PM2.5, especially during winter months, which accounts for a significant burden of excess mortality and morbidity. Exposure to PM2.5 (one of the measures of air pollution) initiates oxidative stress, thus activating innate responses and a downstream cascade of biophysiological changes, including inflammation and lipid peroxidation (Donaldson et al., 2005; Borm et al., 2007; Costa et al., 2014; Newby et al., 2015; Ambroz et al., 2016). A vast body of literature provides overwhelming evidence that both short- and long-term PM2.5 exposure accounts for a significant burden of cardiopulmonary mortality and morbidity (Pope et al., 2002; Beelen et al., 2014a). While ad-hoc interventions have been introduced to reduce air pollution, their effects are short-lived. Both cities in this study witnessed excess cardiopulmonary mortality even during the winter interventions.

The effects of vehicle related policies on air pollution have been subject to research scrutiny (Cai and Xie, 2011; Chen et al., 2012; Gallego et al., 2013; Yao et al., 2013; Kumar et al., 2017). This paper makes a novel contribution by quantifying the effects of VRI on air pollution at fine spatiotemporal scales and its associated disease burden in two of the most polluted cities in the world. The findings of this research are consistent with the literature on effects of VRI in Beijing, suggesting a decline in air pollution during the interventions in Beijing, and increase in air pollution after the Beijing Olympics (Chen et al., 2012). A study in Delhi showed an increase in air pollution (both PM2.5 and PM10) in Delhi during the pre-trial days, and but improvement during the peak hours (Kumar et al., 2017), which is inconsistent with the findings of this research. Nonetheless, the data types and their spatiotemporal scales of these studies are different, which can explain the inconsistency in these findings.

Policy Implications

The results reported in this study have important policy implications.

First, as documented in the WHO report, 2.6 million (87%) of 3 million (ambient) air pollution-related deaths are expected to be in LMIC, which represent 82% of the world population (WHO, 2016). Ambient PM2.5 exposure accounts for 40, 40, 11, and 6% of the mortality caused by ischemic heart disease, stroke, chronic obstructive pulmonary disease (COPD), and lung cancer, respectively (WHO, 2016). This disease burden may have been underestimated because once PM2.5 enters the circulatory system, it can distribute to most organs, including the brain. Furthermore, both fine and coarse particles (PM2.5 and PM10) can make their way to the digestive tract when trapped in saliva, and can be deposited onto the ocular surface as well. Therefore, restricting the PM2.5 burden to cardiopulmonary diseases alone is likely to underestimate the mortality and morbidity burden of PM2.5. Second, both cities have been introducing interventions to improve air quality since 2001. However, as demonstrated in the literature ad-hoc VRIs do not yield long-term improvements in air quality (Chen et al., 2012).

ACTIONABLE RECOMMENDATIONS

Emission Mitigation

Mitigation strategies must target all sources, including combustion sources (such as industries, thermal plants, and automobiles) and informal activities (e.g., discouraging solid fuel usage, and trash and crop burning) that promote air pollution (Zhang et al., 2017). Since fossil-fuel based combustion powers automobiles, thermal plants, electricity generation, and manufacturing, LMIC need to invest in infrastructure that relies on cleaner and greener energy sources, such as use of electric public transport and harnessing solar and wind energy. A dramatic decrease in air pollution is unlikely to be achieved in short-term because implementing these strategies will require time to develop and enact legislations, and capital investment. However, preventive strategies can be developed and implemented in the short-term.

Preventive Strategies

Real-time air pollution surveillance and associated (individual- and disease-specific) risk is essential for developing preventive strategies. Attempts are being made to improve air pollution monitoring worldwide. For example, American Embassies monitor air pollution in India and China. On January 25, 2015, the U.S. Government committed to implementing the EPA's AIRNow-International program (showing PM2.5 levels, Air Quality Index and associated health hazard index on hourly bases), focusing on the dissemination of information to help urban residents in LMIC to reduce their exposure to harmful levels of air pollution, and enable urban policy planners to implement corrective strategies for improving ambient air quality (The White House, 2015).

Satellite based-AOD and optimal interpolation techniques can be used to develop location-specific estimates of air pollution (Kumar et al., 2013). Using this approach, daily estimates of ambient PM2.5 and AOD were computed in and around Delhi and Beijing, and were made available to the general public and other stakeholders using a user-friendly interactive online system: precise.miami.edu. Such data can formulate bases for computing short- and long-term ambient air pollution exposure needed to develop disease-specific risk estimates, which are critically important for engaging individuals and communities in taking measures that can avoid/reduce their exposure when the anticipated risk is high. We propose various policy measures. However, the validity of such measures in LMIC is yet to be tested.

LIMITATIONS

The results reported in this study must be interpreted in the light of the following limitations. First, results from Delhi and Beijing are not comparable to each other, not only because intervention seasons (especially for the 2008 Summer Olympics) were different, but also because Beijing took many other measures to clean the air, including relocation of major manufacturing plants before the Olympics (Chen et al., 2012). Second, mortality burden presented in the paper can be biased for two reasons: (a) GDB was derived based on meta-analyses, which are biased toward research conducted in HIC and (b) the air pollution mortality burden is restricted to cardiopulmonary mortality only. However, emerging literature suggests systematic toxicity of airborne particulate matter given PM2.5 contains a significant fraction of nano-particles (Figure S1), which have potential to pass blood brain barriers and the fraction of PM mass trapped in salvia is ingested and implicated in the modification of gut microbiome and intestinal inflammatory processes (Salim et al., 2014). Third, mortality burden estimate can be subject to bias given empirical model used to develop this burden accounted for about two-thirds of the total variances. Fourth, the empirical model was developed based on time-series data at one location (i.e., American Embassy) in each city, which can be subject to bias due to variations in aerosol types from different emission sources and their relationship with the in-situ monitored PM2.5 (Kumar et al., 2007). However, these biases are likely to remain constant in the assessment of PM2.5 and associated morality burden within short time intervals, because the location of emission sources is likely to be the same in pre-, during-, and post-VRI periods except the transported sources. Therefore, the results of this study must be interpreted in the light of this limitations, especially in the areas farther away from the city center of each city. Finally, PM2.5 measurement at a given location and time is the net outcome of location- and time-specific sources of emission, dispersion and transport of air pollution. While interventions directly target emission (from sources), the rate of dispersion and transport (to and from) is largely affected by meteorological conditions and urban morphology. Therefore, 2-week long VRI is too short to adequately assess their net effects, because these effects can spill over beyond 2 weeks especially for dispersion and regional and long-distance transport of air pollution often observed across Atlantic and Pacific oceans.

CONCLUSIONS

While VRI to host the 2008 Beijing Olympics were effective, the interventions implemented in 2015 and 2016 in Beijing and in 2016 in Delhi were short-lived and ineffective to improve air quality. Given unabated increase in air pollution in Delhi and Beijing, air pollution in these cities poses a major health-hazard. Short- and long-term preventive and management strategies, such as emission mitigation and real-time air pollution monitoring tools, are needed to improve air quality and protect public health.
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