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H I G H L I G H T  G R A P H I C A L  A B S T R A C T  

• Diurnal pattern of ambient PM2.5 is 
examined over India using MERRA-2 
reanalysis data 

• MERRA-2 data is calibrated using 
reference grade monitor data 

• Diurnal amplitude exceeds 30 μg m− 3 

over large part of the country 
• Annual increasing trend is strongly 

governed by the trend in Oct–Feb 
• A declining planetary boundary layer 

height contributes to the rise in PM2.5 in 
these months  
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A B S T R A C T   

Modeling of ambient PM2.5 exposure has improved in recent years with the application of satellite data, but in 
India, where the ground-based measurements are still inadequate, satellite-based assessment cannot provide 
temporal continuity. In this work, we analyze MERRA-2 (Modern-Era Retrospective analysis for Research and 
Applications) reanalysis aerosol products to estimate PM2.5 at an hourly scale over India to fill the temporal 
sampling gap. MERRA-2 PM2.5 calibrated using reference-grade monitors from the Central Pollution Control 
Board (CPCB) network show a statistically significant (at 95% CI) correlation (r = 0.9) against coincident in-situ 
measurements. Analyzing 18-years (2000–2017) data, we report the first detailed account of multi-year ambient 
PM2.5 diurnal patterns in India. Diurnal amplitude is found to be quite large (>30 μg m− 3) in the Indo-Gangetic 
Basin (IGB) and western arid regions. We find a decrease in ambient PM2.5 over the western dust source region 
and an increase over the parts of IGB and central India, primarily in the morning and evening hours. The annual 
trend is strongly governed by the trend during the dry season (October–February), attributed to a combination of 
the changing emission and meteorology. Our results suggest that the satellite-based exposure estimates that 
typically represent late morning to early afternoon hours are usually lower than the 24-h average exposure in 
most parts of India. Therefore, we call for the integration of reanalysis data that provide better temporal reso
lution with satellite data that provide better spatial resolution to further improve exposure estimates in data void 
regions like India for air quality studies.   
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1. Introduction 

Ambient PM2.5 concentration is a leading health risk factor in the 
global burden of disease (Cohen et al., 2017). In India, 99% of the entire 
population is exposed to annual PM2.5 exceeding the World Health Or
ganization (WHO) annual air quality guideline of 10 μg m− 3. In 2017, 
nearly 77% of the Indian population exceeded the annual national 
ambient air quality standard (NAAQS) of 40 μg m− 3 (four times higher 
than the WHO AQG) with an estimated 0.67 (95% uncertainty interval 
[UI] 0.55–0.79) million premature death and an average loss of 0.9 
(0.8–1.1) years of life expectancy (Balakrishnan et al., 2019). Ambient 
PM2.5 exposure is further projected to increase in the future as India is 
expected to proliferate (Chowdhury et al., 2018; GBD MAPS Working 
Group, 2018). This prompted the Government of India to launch the 
National Clean Air Program (NCAP) in 2018. NCAP is about imple
menting an efficient air quality management plan to achieve sustainable 
development, for which the first step is a robust air quality monitoring 
system on a national scale. 

India lacks an adequate ground-based network of PM2.5 measure
ments (Brauer et al., 2019). Although PM2.5 monitoring was started in 
India by the Central Pollution Control Board (CPCB) in 2008–2009, the 
network has expanded to around 200 continuous sites and 500+ manual 
sites that sample twice a week. India’s current monitor density is much 
lower than that in China, where ambient PM2.5 concentration was in the 
same range as India a few years ago but showed improvement in recent 
years (Zhao et al., 2018). Moreover, the monitoring sites are confined to 
urban areas leaving entire rural India unmonitored. To address this 
limitation in spatial coverage of PM2.5 monitoring in India (and in many 
other developing countries), satellite aerosol optical depth (AOD) is used 
to infer PM2.5. The methodology of converting satellite AOD to surface 
PM2.5 evolved from a simple regression-based approach (Hoff et al., 
2009) to a more complex chemical transport model-based (e.g., van 
Donkelaar et al., 2010, 2016; Brauer et al., 2015) and machine 
learning-based approach (e.g., Di et al., 2019; Murray et al., 2019). Such 
a satellite-based approach has been applied to generate PM2.5 data for 
India (Dey et al., 2012; Chowdhury et al., 2016); however, 
satellite-based estimates typically represent the time when the passive 
sensors fly onboard polar satellites (e.g., Terra and Aqua) over a 
particular region. The existing sensors that provide robust AOD data are 
during the late morning to early afternoon hours. Furthermore, satellite 
AOD retrieval depends on the availability of cloud-free conditions, and 
hence AOD retrieval has data gaps, especially during the monsoon 
(June–September) season in India. 

So far, four approaches have been adopted to address the temporal 
gap in sampling. First, AOD data from geostationary satellites allowed 
continuous PM2.5 retrieval over a particular region throughout the day 
as long as the sunlight is available for AOD retrieval in cloud-free con
ditions (e.g., Chudnovsky et al., 2012; Lennartson et al., 2018). Even 
then, it is not possible to retrieve PM2.5 estimates after sunset. Secondly, 
integrating PM2.5 data from ground-based and satellite measurements in 
a Bayesian framework allowed filling the spatial and temporal gap in the 
concentration data (Shaddick et al., 2016; 2017). Thirdly, chemical 
transport modeling (CTM) can simulate PM2.5 at an hourly scale 
(Michael et al., 2013). The accuracy of model-simulated PM2.5 depends 
on the model physics, model configurations, and accuracy of the emis
sion inventory (often not updated periodically). The fourth approach 
(Gui et al., 2020) is a machine learning technique that has been applied 
in China and a few places. 

Here, we propose a fifth method to estimate the ambient PM2.5 
exposure diurnal pattern using reanalysis aerosol products. Reanalysis 
products generated by joint assimilation of meteorological and aerosol 
observations into global assimilation system take advantage of the best 
features of both observations and models (Randles et al., 2017) so that 
the space-time continuity in data is maintained with less uncertainty 
(Bocquet et al., 2015). We analyze 18-year (2000–2017) of reanalysis 
data at an hourly scale and present their climatology, trends, and the 

diurnal amplitude at a seasonal scale in India for the first time. 

2. Data and methodology 

2.1. MERRA-2 reanalysis dataset 

We analyze MERRA-2 (Modern-Era Retrospective analysis for 
Research and Application) aerosol reanalysis data for this work gener
ated by the GEOS-5 atmospheric model at 0.5◦ × 0.625◦ horizontal 
resolution (Gelaro et al., 2017). A radiatively coupled version of the 
GOCART (Randles et al., 2016) model that considers the sources, sinks, 
and chemistry of 15 externally mixed aerosol species -dust in 5 size bins, 
sea-salt in 5 size bins, hydrophilic and hydrophobic organic carbon (OC) 
and black carbon (BC), and sulfate is used to generate MERRA-2 aerosol 
products (Randles et al., 2017). While emissions and transportations of 
dust and sea-salt are wind-driven, anthropogenic (EDGARv4.2) and 
biogenic sulfate (AeroCom Phase II) and carbonaceous aerosols (scaled 
RETROv2) are redistributed by winds after they are emitted (Lana et al., 
2011). In the MERRA-2 dataset, the carbonaceous PM2.5 is from biomass 
burning, anthropogenic sources, and plant matter (Buchard et al., 2017; 
Randles et al., 2017). Randles et al. (2017) and Buchard et al. (2017) 
also mentioned that Quick Fire Emissions Dataset (QFED) emission in
ventory (based on the MODIS fire radiative power) had been used from 
2010 onward, but from the period of 1997–2009, the Global Fire 
Emission Dataset (GFEDv3.1) emission inventory has been introduced to 
simulate the aerosol emission from biomass burning in MERRA-2 rean
alysis dataset (Darmenov and da Silva, 2013; Randerson et al., 2006; van 
der Werf et al., 2006). Some scaling factor was also introduced in the 
QFED to minimize the uncertainty among the biomass burning emission 
inventories (Buchard et al., 2017). Using two different inventories for 
different periods could also be responsible for the uncertainty in 
fire-based MERRA-2 PM2.5. 

MERRA-2 aerosol analysis assimilates quality-controlled AOD at 550 
nm from four different sensors (MISR onboard Terra, MODIS onboard 
Terra and Aqua, AVHRR, and AERONET). Both the aerosol and meteo
rology observations are jointly assimilated in the GEOS-5 model. The 
AOD assimilation process includes the cloud screening and bias 
correction of spaces-based instruments (e.g., MODIS and AVHRR) with 
ground-based instrument AERONET. The GEOS-5 model also assimilates 
the non-biased corrected AOD from MISR (over the bright surface). 
GEOS-5 assimilates the real-time (for every 3 h) quality controlled AOD 
observation by using the local displacement ensemble (LDE) method
ology (Buchard et al., 2016; 2017). LDE methodology is introduced to 
correct the misplaced aerosol plumes by considering the various aerosol 
properties such as speciation and vertical distribution of aerosols. On the 
other hand, in the regions where LDE is not applied, the AOD increment 
factor has been implemented, representing a vertical scaling factor; 
more detail can be found in Buchard et al., (2017). 

In addition to this, Buchard et al. (2017) also performed some ex
periments with assimilation and without assimilation of AOD products 
over the global region. The results showed that aerosols with the 
assimilation system provide better estimates of surface PM2.5 as they are 
well correlated with satellite-derived PM2.5 from van Donkelaar et al. 
(2010). However, some discrepancies can be observed due to the lack of 
nitrate in the GOCART module and the low emission of OC (organic 
carbon) in the MERRA-2 dataset. The carbonaceous MERRA-2 PM2.5 is 
mainly from biomass burning, anthropogenic sources, and plant matter 
(Buchard et al., 2017; Randles et al., 2017). Here, we assume that the 
contribution of OC concentration from biogenic sources is less because 
the aerosol emissions are mainly from biomass burning and anthropo
genic sources in Northern India (Gani et al., 2019). More details of the 
MERRA-2 aerosol algorithm are provided in Randles et al. (2016), while 
extensive validation of the product is discussed in Buchard et al. (2017). 
The MERRA-2 reanalysis aerosol products are the hourly concentration 
of individual aerosol species smaller than 2.5 μm. 

In our study, the MERRA-2 total PM2.5 is estimated as 
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MERRA-2 PM2.5 = [Dust2.5] + [SS2.5] + [BC] + 1.6 × [OC] + 1.375 × [SO4]. 

To obtain total PM2.5, we simply add up dust and sea-salt in size bins 
smaller than 2.5 μm, hydrophilic and hydrophobic OC and BC, and 
sulfate, assuming their entire load within PM2.5. Sulfate concentration is 
present in the form of neutralized ammonium sulfate [(NH4)2SO4] in 
MERRA-2 datasets, so a factor of 1.375 (Buchard et al., 2016; Song et al., 
2018) is used to obtain the ‘true’ sulfate concentration. Organic carbon 
(OC) can be converted to particulate organic matter (POM) by a factor in 
the range 1.2–2.6 (Buchard et al., 2016; Malm et al., 2011) to account 
for contributions from other elements associated with other organic 
matter. We use the factor 1.6, which is more representative of the Indian 
region (Ram et al., 2012; Dey et al., 2020). 

2.2. CPCB in-situ dataset 

CPCB is the regulatory organization under the Ministry of Environ
ment, Forest and Climate Change, Government of India, responsible for 
environmental management. CPCB launched a national air quality 
monitoring program (NAMP) to measure air pollution data of PM2.5 
using gravimetric (manual) measurement from 2008 to 2009. The 
NAAQS for the Indian region in 2009 was set as 60 μg m− 3 for 24-h and 
40 μg m− 3 for annual concentration, which is higher than the WHO 
guideline of 25 μg m− 3 for 24-h and 10 μg m− 3 for annual concentration 
(Pant et al., 2018). CPCB also established a network with Continuous 
Automatic Air Quality Monitoring Station (CAAQMS) throughout major 
cities (with population > 1 million) in India. CPCB stations are generally 
installed in residential and industrial locations in urban areas (Gordon 
et al., 2018). 

CPCB has adopted World Meteorological Organization protocols for 
sampling procedures, measurement methods, and quality control of the 
reference-grade data (CPCB, 2003; 2011). We analyze quality-controlled 
data from 75 sites (see Table S1 and Fig. S1 in SI for their locations) for 
2009–2017. We note that the length of the data varies across the sites. 
We only process the data at an hourly scale to temporally match the 
hourly MERRA-2 data for the grids that contain at least one CPCB site. 

2.3. Calibration and evaluation of MERRA-2 PM2.5 with CPCB data 

The diurnal variation in MERRA-2 data is primarily due to the 
changes in meteorology, as the emission data is not available at an 
hourly scale. Hence, we calibrate hourly MERRA-2 PM2.5 with coinci
dent PM2.5 data (total sampling size>450,000) to reduce the low bias in 

MERRA-2 data reported by Navinya et al. (2020). We downscale 
MERRA-2 data using the bilinear interpolation technique. We adopt a 
percentile-based regression approach, where the bias in every 10th 
percentile of MERRA-2 PM2.5 is estimated (Fig. 1a). Then we adjust 
hourly MERRA-2 data with the calibration factors of the respective 
percentile ranges. 

Calibrated MERRA-2 data (Fig. 1b) show an increase in correlation 
coefficient and a decrease in root mean square error after the bias 
correction at every hour. The correlation coefficients are statistically 
significant at 95% CI (p < 0.05). We note that MERRA-2 PM2.5 continues 
to underestimate at very high concentrations (i.e.,>300 μg m− 3). The 
flow-chart of the bias correction is shown in Fig. S2. 

In terms of the spatial distribution of the bias (Fig. 2), a high bias (the 
difference between before and after bias correction) ~20 ± 3 μg/m3 is 
observed over the IGP and low biases around ~5–10 μg/m3 and ~12 μg/ 
m3 observed over the Jammu and Kashmir and rest of the Indian region 
respectively. The bias is higher during the nighttime and early morning 
than in the daytime, perhaps because satellite data assimilated in 
MERRA-2 do not retrieve aerosols at nighttime. The spatial climatology 
of hourly PM2.5 before and after the bias correction at an annual scale is 
shown in Fig. S3. 

We also compare the diurnal variation of PM2.5 in each season – post- 
monsoon (Oct–Dec, OND), winter (Jan–Feb, JF), pre-monsoon 
(Mar–May, MAM) and monsoon (Jun–Sep, JJAS) from uncalibrated 
and calibrated MERRA-2 with CPCB data (Fig. 3). The black, blue, and 
red lines represent the mean of all 75 stations (2009–2017) from CPCB, 
uncalibrated MERRA-2, and calibrated MERRA-2, respectively. 

Two observations are notable. Firstly, calibrated MERRA-2 PM2.5 is 
much closer to CPCB data than the uncalibrated MERRA-2 data across a 
24-hr period. Secondly, the calibrated MERRA-2 PM2.5 can mimic the 
observed diurnal pattern in all the seasons; however, the bias remains 
low in the winter season. Capturing extreme pollution levels and a very 
shallow boundary layer is always challenging for the models. None
theless, MERRA-2 captures the variation of high (i.e., early morning or 
late evening) and low PM2.5 concentration (noontime to 4 p.m.). Po
tential factors for the observed low bias in the winter could be lack of 
nitrate and underestimation of OC aerosol species in the GOCART 
module (Randles et al., 2016; Song et al., 2018) and bias in the simu
lation of panetary boundary layer (PBL) height in the GEOS-5 model. 
According to Rienecker et al. (2011), two types of schemes are intro
duced in the GEOS-5 model for simulating the atmospheric boundary 
layer in the MERRA-2 reanalysis dataset. The first scheme (Louis et al., 

Fig. 1. Relationship between (a) the median bias in MERRA-2 data at every 10th percentile range and (b) the root mean square error (top panel) and correlation 
coefficient (bottom panel) at every hour before and after the bias correction. Spatio-temporal matching is done by averaging data from all ground-based monitoring 
sites falling within a single MERRA-2 grid for a 1-hr duration. A flow chart regarding data processing is given in supplementary information S2. 
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1982) is based on the stable planetary condition in which no planetary 
boundary layer of clouds involved. The second scheme (Lock et al., 
2000) is based on the unstable or cloud-topped planetary boundary layer 
conditions. Additionally, the GEOS-5 model uses two more schemes 
based on orographic conditions, such as orographic gravity wave drag 
(McFarlane 1987) and non-orographic waves (Garcia and Boville 1994). 
Such high levels of PM2.5 exposure are episode-specific, and given the 
fact that most of the country does not have any ground-based moni
toring, we proceed with the calibrated MERRA-2 PM2.5 to examine the 

diurnal pattern over India. 
Climatology for hourly ambient MERRA-2 PM2.5 exposure (hereafter, 

we only refer to calibrated PM2.5) is estimated by averaging PM2.5 for 
that particular hour each day over the 18 years. Trends are computed 
using linear regression over the 18 years. Diurnal amplitude is estimated 
as the difference between the maximum and minimum PM2.5 in each 24- 
h cycle, which is then averaged over the desired timescale to estimate 
the climatology. We identify the timing of the maximum and minimum 
PM2.5 within a 24-h duration in each season to understand the diurnal 
pattern of ambient PM2.5 concentration in India over the last 18 years. 

2.4. Analysis of the meteorological data 

MERRA PBL heights are diagnosed by the turbulence parameteriza
tion in the atmospheric general circulation model, based on the eddy 
diffusivity coefficient for heat. The PBL height is diagnosed as the lowest 
level at which the diffusion coefficients drop below a value of 1 m2/s. 
Various meteorological variables (temperature, wind, and humidity) 
were introduced in the GEOS-5 model to assimilate the PBL heights. 
Regarding the performance of the GEOS-5 model for PBL height, Jordan 

Fig. 2. Spatial variation of biases of hourly MERRA-2 PM2.5 climatology for the period of 2000–2017.  

Fig. 3. Diurnal variation of PM2.5 of CPCB, uncalibrated MERRA-2 (without 
bias correction, WBC), and calibrated MERRA-2 (after correcting bias, ACB) for 
OND, JF, MAM, and JJAS seasons. The shaded regions represent ±1σ around 
seasonal mean across India. 
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et al. (2010) observed a good (r = 0.7) correlation of PBL height between 
CALIOP satellite and GEOS-5 model over the western hemisphere (e.g., 
American and African region). However, some disagreement was also 
observed over the equatorial Pacific Ocean, where GEOS-5 PBL height is 
lower than the CALIOP PBL height. In addition to PBL height, the other 
physical processes, such as aerosol mixing and hygroscopic growth, etc., 
could also contribute to the uncertainty in the aerosol model (Randles 
et al., 2016, Schutgen et al., 2010). We also analyze precipitation rate 
(PR) at the same hourly scale from MERRA-2 reanalysis data to under
stand their influence in modulating the observed diurnal pattern in 
ambient PM2.5 exposure. 

3. Results 

3.1. Diurnal amplitude of ambient PM2.5 exposure in India 

Ambient PM2.5 data from the ground-based sites (e.g., Apte et al., 
2011; Goel et al., 2015) suggest a considerable variation in exposure 
within 24-hr. However, spatially limited in-situ data hinder in gener
ating a regional picture. Satellite-based concentration estimates (van 
Donkelaar et al., 2010; Dey et al., 2012; Apte et al., 2015) assume that 
the concentration during satellite crossing time represents the 24 h. 
Hence, with large diurnal amplitude in PM2.5 concentration, such esti
mates may have biases. Therefore, first, we report the spatial patterns of 
diurnal amplitude in ambient PM2.5 exposure in India (Fig. 4). 

During the post-monsoon and winter seasons (Oct–Feb), diurnal 
amplitude in ambient PM2.5 exposure varies by > 25 μg m− 3 in the entire 
Indo-Gangetic Basin (IGB), the western arid region that has been iden
tified as a major dust source (Dey et al., 2012) and parts of northeast and 
south India. The pattern continues in Jan–Feb. In the rest of India, 
ambient PM2.5 diurnal exposure varies by a smaller magnitude, while 
the amplitude exceeds 40 μg m− 3 in the eastern IGB states. In summer 
(Mar–May), the diurnal amplitude decreases in most parts of India 
except the arid regions, where it enhances further to >50 μg m− 3. 
Overall, the least diurnal amplitude is observed in the monsoon 

(Jun–Sep) season. 
To understand the observed diurnal amplitude’s driving factors, we 

analyze the correlation between PM2.5 and PBL height and PR (Fig. 5). 
As expected, PBL height and PR show a robust negative correlation with 
PM2.5 concentration because deeper PBL facilitates pollution dispersion 
(Nakoudi et al., 2018), and large PR leads to washout of pollution. The 
arid region in western India barely receives rain large enough to influ
ence PM2.5 diurnal pattern, which can be attributed to the observed poor 
correlation (r = − 0.3). In the high-altitude regions of the lower Hima
layan belt and the Western Ghats, the pollution is lifted from the valley 
beneath as the PBL expands during the daytime, and therefore PBL 
height and PM2.5 exposure is moderately correlated at an hourly scale 
(Srivastava et al., 2012). 

3.2. Timing of the maximum and minimum PM2.5 exposure 

We examine the seasonal shifts of the timings (in Indian standard 
time, IST) when PM2.5 exposure is the highest and lowest within 24 h 
(Fig. 6). In large part of the country, ambient PM2.5 exposure peaks 
around early morning hours (6–8 IST) during Oct–Feb. In the eastern 
part of the IGB and northeastern India, the peak hours are around 
midnight during these months, while in the northern hilly regions, peak 
hours are in the late afternoon to the early evening after the PBL fully 
evolves. The PBL expansion effect is not so prominent along with the 
Western and Eastern Ghat mountain ranges in these months but can be 
seen in the summer months. The lowest concentration is found during 
13–15 IST in the post-monsoon season that gradually shifts to evening 
hours (16–20 IST) in most parts of the country during the winter. Similar 
timing (late afternoon) in the lowest PM2.5 concentration is observed in 
central India, parts of north and south India during Mar–May that 
further shrinks to only a part of the west and central India during the 
monsoon season. During these months, the lowest PM2.5 concentration is 
observed during 10–12 IST in the rest of the country. 

3.3. Hourly climatology and trends of ambient PM2.5 exposure 

Spatial patterns of annual ambient PM2.5 exposure at hourly scale in 
Fig. 7 (statistics at seasonal scale and the corresponding anomaly rela
tive to 24-hr average are shown in the SI, Figs. S4–S11) reveals large 
(>12 μg m− 3) positive anomaly relative to 24-hr average during the 
night and early morning hours over the arid regions in the west, IGB, and 
parts of peninsular India. Key notable features are as follows. North 
(high PM2.5)-south (low PM2.5) spatial gradient in PM2.5 is maintained 
throughout the 24-h duration. Even during the noontime and afternoon 
hours when the ambient PM2.5 exposure is at its minimum in most parts 
of India, it remains higher than the NAAQS in the IGB and western arid 
region. As discussed in the previous subsection, these two regions have 

Fig. 4. Mean (over 18-years) seasonal, diurnal amplitude in ambient PM2.5 
concentration in India. 

Fig. 5. Spatial distribution of correlation coefficients between ambient PM2.5 
concentration and (a) planetary boundary layer (PBL) and (b) precipitation rate 
(PR) with the hatched regions showing a 95% CI. 

K. Bali et al.                                                                                                                                                                                                                                     



Atmospheric Environment 248 (2021) 118180

6

the largest diurnal amplitude in PM2.5 exposure throughout the year. 
In Peninsular India, diurnal variation is less prominent at the annual 

scale though the magnitude varies from season to season (see SI). During 
Jan–Feb, ambient PM2.5 exposure in India at 15–16 IST is the best 
representative of the 24-hr average. PM2.5 exposure is higher than the 
24-h average by > 10 μg m− 3 in most parts of the country during the late 
evening to early morning hours, with higher values in the IGB from 
22:00 to 04:00 IST. During the morning hours, PM2.5 exposure decreases 
as the PBL expands. A similar diurnal pattern is observed during 
March–May and Oct–Dec but with a larger diurnal amplitude. In 
Jun–Sep, the diurnal variation is only prominent in the western arid 
region. 

We further examine the annual trends of ambient PM2.5 for every 
hour (Fig. 8). A positive trend over the 18 years is observed in most parts 
of India, with values exceeding 1 μg m− 3 per year in the Himalayan 
foothills, northeastern India, eastern IGB, and parts of western IGB. In 
most parts of the Indian regions, the observed positive trend at annual 
scale (>2 μg m− 3 per year) is primarily governed by a massive increase 

during October–February (see Figs. S12–S15 for the trends at seasonal 
scale). Unfortunately, no available emission inventory captures 
anthropogenic emissions at an hourly scale. Along with the traditional 
anthropogenic pollution sources (e.g., household emission, vehicles, 
industries, construction activities, etc.), open burning of agricultural 
crop-waste and brick kilns adds to the dry season’s emission. In a recent 
study (Dey et al., 2020), the trends in annual PM2.5 averaged over 24-hr 
were observed to be higher over eastern and peninsular India than in the 
IGP. We also note that a part of this trend could be influenced by trends 
in satellite AODs assimilated into MERRA-2. However, AODs are 
retrieved at specific times, and hence, the observed trends at an hourly 
scale also depend on the model’s ability to simulate the meteorology. 

Trend analysis of PBL height (see Figs. S16–S19) suggests that PBL 
height is becoming shallower over the years in most parts of India during 
the dry season with a higher rate in the late afternoon to early morning 
hours. Usually, the anthropogenic activities peak during the morning 
hours and the emissions from specific sectors (e.g., vehicles, industries, 
construction, etc.) are expected to subside in the late evening-early 
morning hours. The combined effect is a nearly similar trend in PM2.5 
exposure in the dry season throughout the 24 h. 

PBL height does not show any significant trend in the monsoon 
season, reflected in a negligible trend in PM2.5 concentration (see 
Fig. S18). In the western arid regions during MAM and high-altitude 
areas throughout the year, PBL height shows an increasing trend. This 
increasing trend of PBL height, which facilitates dispersion of aerosols, is 
perhaps driving the decreasing trend of ambient PM2.5 exposure (by >
1.5 μg m− 3 per year) over the western arid region. This is consistent with 
the reported decline in dust transport in this region (Pandey et al., 
2017). On the contrary, large PBL height in the high-altitude areas 
would allow the pollution to be lifted up from the valley beneath more 
efficiently. This could explain the increasing trend of PM2.5 concentra
tion in these regions during the dry season. 

Fig. 6. Seasonal shifts in the timings of the maximum and minimum ambient 
PM2.5 concentration in India. 

Fig. 7. Mean annual ambient PM2.5 exposure in India for each hour cycle (00:00 IST represents 00:00–01:00 IST duration).  
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4. Discussion and conclusions 

Previously, ambient PM2.5 exposure in India has been estimated 
using either data from limited ground-based monitors (Tiwari et al., 
2013) or satellites (van Donkelaar et al., 2010, 2016; Brauer et al., 2015; 
Dey et al., 2012; Chowdhury and Dey, 2016). Neither of them provides 
complete spatio-temporal coverage. Even the geostationary 
satellite-based AOD product (e.g., Mishra, 2018) is insufficient to pro
vide 24-h coverage. In this work, we propose using MERRA-2 aerosol 
reanalysis data to resolve the temporal gap in the data. We map the 
hour-by-hour changes in PM2.5 concentration over 18-year (2000–2017) 
period for the whole country. We note that our bias correction relies on 
the CPCB sites deployed in the urban locations and assumes that the 
patterns of the biases are more or less similar in the rural areas. Unless 
the ground-based monitoring network expands to the rural areas, this 
issue cannot be addressed fully. However, since the CPCB network 
covers a broad geographical region, we expect that the bias-corrected 
data would quite reasonably represent the regions. 

Our results reveal a large diurnal amplitude in PM2.5 exposure in 
some areas of India and identify the times of maximum and minimum 
exposure and its seasonal shift. This explains the underestimation in 
satellite-based PM2.5 exposure estimates (related to ground-based mea
surements that cover 24-h duration) that uses AOD data from sensors 
onboard polar-orbiting satellites crossing India in the late morning to 
early afternoon hours. In the regions where the diurnal amplitude is 
small, satellite-based estimates of exposures are more representative. 
We also show that the increasing trend at the annual scale is strongly 
controlled by an increase in PM2.5 during the Oct–Feb period. This 
suggests that if the emissions during these months can be controlled at 
the source, the increasing annual trend can be arrested. 

The large increasing trend of PM2.5 in the Himalayan foothills is a 
matter of concern as transport of pollution to the Himalayan region can 
adversely affect the cryosphere (Bali et al., 2017). Another key result is 
the declining trend in PBL height over a large part of India, especially 
during the dry season that might have played a major role in the 
observed increasing trend in PM2.5 exposure. Shallow PBL leads to 
stagnation that entraps the pollutants closer to the surface, increasing 
PM2.5 concentration and therefore, exposure. Under global warming, 

stagnation events are projected to increase in the future over India 
(Horton et al., 2014). Therefore, cutting down emissions at the source 
seems to be the only sustainable solution in addressing India’s air 
pollution problem. 

Although we map hour-by-hour changes in PM2.5 concentration in 
this work, we cannot identify the primary sources with this data alone. 
Further analysis is required to attribute source characterization to the 
observed hourly variation in PM2.5 exposure. However, this study pro
vides the opportunity to identify the major sources that can be attributed 
to the maximum PM2.5 (corresponding to the observed peak timing) 
exposure at a regional scale. 

The integration of the spatially and temporally continuous MERRA-2 
reanalysis data with ground-based measurements (temporally contin
uous) and satellite-based measurements (temporally discontinuous but 
can provide information at high spatial resolution) is perhaps the way 
forward in the future. We hope these results would help formulate better 
air pollution mitigation plans so that the national burden of disease 
attributed to ambient air pollution could be decreased by evidence- 
based policy actions at the regional and national levels. 
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