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A B S T R A C T   

Rice-Wheat production system of the Indo-Gangetic Plain (IGP) in northern India generates large amounts of crop 
residues annually, substantial amount of which is burned in-situ. Due to this, people in this region and nearby 
cities are exposed to extremely high concentrations of atmospheric pollutants, especially in late autumn to 
winter. Multiple factors affect air quality, the main ones being pollutant emissions and meteorology. We 
generated a high-resolution (0.05◦ × 0.05◦) multi-year (2012–2020) fine particular matter (PM2.5) dataset of 
pollutant emissions from wheat and rice residue burning for the IGP by combining production data and satellite 
active fires from the Visible Infrared Imaging Radiometer Suite (VIIRS) 375-m product. We used surface PM2.5 
concentrations and meteorological data from Modern-Era Retrospective Analysis for Research and Applications 
version 2 (MERRA-2) atmospheric reanalysis to characterize the seasonal PM2.5 concentrations and their re-
lationships with anomalies in meteorological conditions. Results showed a much higher number of fires during 
from rice, with an interannual average of 79,385 total fires versus 33,096 from wheat. Emissions are higher 
during the rice harvest period: 406 Gg/year versus 245 Gg/year, respectively for rice and wheat. Emissions and 
PM2.5 concentrations from rice harvest are higher than those of wheat as a consequence of a higher number of 
fire spots, emissions, and atmospheric conditions that prevent their dispersion. PM2.5 concentrations are in 
addition strongly related to the amount of biomass burned and the number of fires and their intensity. In terms of 
meteorological anomalies, the planetary boundary layer height, wind speed and the surface thermal inversion 
strength have a stronger association with PM2.5 concentration during the rice residue burning period. Conversely, 
PM2.5 concentration and emissions anomalies during the wheat harvest shows a stronger correlation with factors 
associated with the amount of residues burned in the field.   

1. Introduction 

The Indo-Gangetic Plain (IGP) in northern India, including capital of 
India, New Delhi city, is characterized by a high demographic and 
economic growth that has made this region a global hotspot of high 
pressure on natural resources and their deterioration. The latter includes 
the high exposure of population to declining air quality in a region that 
ranks among the ones with the highest air pollution levels in the world 
(IQAir, 2019). Every year, air pollution is responsible for acute health 
problems on population, especially during the cold and dry season, 
when reduced dispersion conditions associated with meteorology lead to 
recurrent episodes of extremely high concentrations of PM2.5, the par-
ticulate matter with aerodynamic diameter lower than 2.5 μm (Gupta 
et al., 2016). At the same time, dominant rice-wheat rotations in the 

states of Punjab and Haryana, the so-called Indian “breadbasket”, are 
the producing areas of two-thirds of food grains in India (Sekar and Pal, 
2012). 

Multiple natural and anthropogenic sources of pollutant emission are 
responsible for the current state of air quality in northern India, namely 
the burning of fossil fuels by industries and vehicles, forest and grassland 
fires, and the open field burning of crop residues. According to recent 
studies, the burning wheat and rice straw, the dominant cropping sys-
tem, has become a major concern as it represents an increasing contri-
bution to regional air pollution (Jethva et al., 2018; Liu et al., 2018a). 
Burning of rice and wheat residues is associated with a dramatic increase 
in pollutant emissions over the IGP (Sarkar et al., 2013; Kaskaoutis et al., 
2014), generating air quality problems not only in the burning sites but 
also to distant cities when surface circulation favors the aerosol 
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transport (Schnell et al., 2018). Of particular interest is the 
post-monsoon residue burning after kharif season crops are harvested, 
typically in October through December, given the coincidence between 
seasonal rainfall cessation and the reduction in the atmospheric 
dispersion capacity associated with lower air temperatures, shallow 
boundary layer and inversion layers, and lower pressure gradients, 
enhancing atmospheric pollution and air quality degradation (Schnell 
et al., 2018). 

India has experienced a strong agricultural intensification to the 
increasing food demand, leading to higher crop productivity and 
consequently to higher residue generation on the fields (Jethva et al., 
2019). Historically, these residues were manually removed from the 
field during harvesting by farmers (Kumar et al., 2015). With the advent 
of machine harvesting technologies, a significant amount of residues are 
currently left in the field. Although wheat residues are often taken off 
the field for animal feed, rice residues are considered waste and are 
burnt in situ. Burning is the preferred practices not only because of low 
management cost but also due to the short time window between rice 
harvest and wheat sowing (Kumar et al., 2015). The above suggests that 
the crop residue burning will increase unless residue management op-
tions are adopted by farmers (Ravindra et al., 2019). In this regard, 
recent studies by Balwinder Singh et al. (2019) and Sembhi et al. (2020) 
discussed about the implications of recent groundwater conservation 
policies on air quality over the IGP, highlighting the negative impact of 
delayed rice sowing and harvest dates on air quality after the increase in 
fire intensity later during the cold season. 

Multiple studies have addressed the various aspects of crop residue 
burning and air pollution in northern India (e.g. Dey et al., 2012; Beig 
et al., 2020; Singh et al., 2020). Most of these have focused on the states 
of Punjab and Haryana and on the analysis of specific growing seasons, 
typically one or two years (Sahu et al., 2021). For instance, the signifi-
cant local increase in atmospheric aerosols during the cold/dry season 
was characterized in Punjab and New Delhi by Mittal et al. (2009) and 
Pant et al. (2015), respectively, using a set of ground-level observations. 
Other studies have quantified regional PM2.5 emissions from crop res-
idue burning using non-spatially explicit approaches based on crop 
production statistics (Gadde et al., 2009; Ravindra et al., 2019), but they 
have not considered the influence of environmental factors drivers. 
However, patterns in crop biomass burning are highly variable given the 
high heterogeneity in crop management practices and size of agricul-
tural exploitations, which makes it necessary to consider spatial aspects. 
In this sense, last generation satellite-based fire activity products are a 
widely-used source of information for regional biomass burning as-
sessments and for the development of observational products. Dey et al. 
(2012) used satellite data from the Multiangle Imaging Spectro Radi-
ometer (MISR) to identify and quantify hotpots of Indian population 
exposure to high air pollution levels. Also, active fire products from the 
Moderate Resolution Imaging Spectroradiometer (MODIS) and the 
Visible Infrared Imaging Radiometer Suite (VIIRS) sensors have been 
used to estimate emissions from crop residue burning over the IGP. For 
instance, Liu et al. (2018a) and Bray et al. (2019) used MODIS and 
ground-truth data to describe the role of particulate matter emissions 
from crop residue burning in northwest Indian cities and impacts on air 
pollution. Similarly, VIIRS data were used by Singh et al. (2020) to 
generate a gridded inventory of pollutants from crop residue burning in 
the state of Punjab. However, those studies focused only on the western 
states, not covering the whole transect of the IGP. Likewise, other var-
iables such as Atmospheric Optical Depth (AOD) has been used to assess 
regional variability in air pollution in India (e.g. Kaskaoutis et al., 2014). 
Other studies combined satellite and ground information and atmo-
spheric chemistry-transport models for the study of source contribu-
tions, time trajectories, and regional dispersion of pollutants (e.g. Liu 
et al., 2018a; Nair et al., 2020; Ojha et al., 2020). 

This study focuses on the regional assessment of wheat and rice 
residue burning and associated emissions in the transect of the IGP (the 
states of Punjab, Haryana and Uttar Pradesh in India), using multiple 

data sources including VIIRS, crop statistics, and atmospheric global 
reanalysis, during both the wheat (pre-monsoon) and rice (post- 
monsoon) harvest periods when higher negative environmental impacts 
are expected. Specifically, (1) we implement a methodology for the 
spatial and multi-year characterization of seasonal patterns in PM2.5 
emissions from wheat and rice stubble burning and surface PM2.5 con-
centrations, and (2) we assess the relationship between seasonal 
anomalies in PM2.5 emissions and meteorological drivers of PM2.5 con-
centrations in terms of planetary boundary layer height, wind speed and 
surface thermal inversion strength. This information will contribute to a 
better understanding of the spatial and temporal dynamics of air 
pollution and associated factors at time scales (seasonal) that has been 
little explored in the field of air pollution, and for which new in-
vestigations and products for monitoring and forecasting could be 
developed. 

2. Materials and methods 

2.1. Study area 

The study area corresponds to the states of Punjab, Haryana and 
Uttar Pradesh in northern India (Fig. 1). This region, which covers a 
major part of the IGP, has the highest population density in India living 
both in a series of megacities and rural areas. The vast alluvial plains are 
mainly occupied by croplands, and rice-wheat rotation is the most 
typical cropping system. Crop residue burning is a widely-used practice, 
with significant impacts on people’s health given the high population 
density. Additionally, the presence of high-elevation mountains to the 
North is a natural factor enhancing air pollution as a consequence of the 
channeling effect on surface circulation, which favors the transport of 
pollutants across the IGP (Schnell et al., 2018). 

2.2. Datasets 

2.2.1. Crop production data 
Rice and wheat crop production data were obtained from the Indian 

Fig. 1. Map of India showing the study area made up of the states of Punjab, 
Haryana and Uttar Pradesh. Red polygons correspond to districts (118 in total), 
the basic unit of crop production used in this study. Circles show the location of 
PM2.5 stations. (For interpretation of the references to color in this figure 
legend, the reader is referred to the Web version of this article.) 
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Crop Production Statistics Information System (http://aps.dac.gov.in/ 
APY/Index.htm). This dataset consists of district-level (Fig. 1) annual 
information statistics about cultivated species, varieties, annual pro-
duction, surface and yields. In this study, total annual production data 
were extracted for the 118 districts that make up the states of Punjab, 
Haryana and Uttar Pradesh, for the years 2012 through 2020. 

2.2.2. VIIRS fire spots and Fire Radiative Power 
Fire counts data were collected from the Visible Infrared Imaging 

Radiometer Suite (VIIRS) sensor, which was launched in October 2011 
onboard the NASA/NOAA Suomi-National Polar-orbiting (Suomi NPP) 
satellite. This product provides the geographical coordinates, time of the 
day, detection confidence (low, nominal, high), brightness temperature, 
Fire Radiative Power (FRP), and satellite view and solar zenith angles 
(Schroeder and Csiszar, 2014). VIIRS is a multi-spectral sensor (3040 km 
swath), providing global 375-m and 750-m spatial resolution radiances 
every 12 h (1:30 h and 13:30 h, local time), depending on the latitude, 
for fire-sensitive channels. We use active fire product data (VNP14IMG; 
375-m resolution for the I-bands, and 750-m resolution for the 
M-bands), which are generated from land surface brightness tempera-
tures above the 367 K saturation value measured by the 375-m radi-
ances. FRP are derived using 375-m fire pixels and adjacent 750-m 
radiances from the M-band. VIIRS active fire data have been widely used 
for the study of fires of different origin, and has been reported as better 
suited for the study of small-scale fires than MODIS given its higher 
resolution and sensing geometry (Li et al., 2020). 

2.2.3. MODIS land cover 
Although the cropland land use is dominant over the study area, fire 

counts captured by VIIRS may fall within non-agricultural areas (e.g. 
cities, forests), so that these fire locations should be removed from the 
final dataset. For this, the yearly 500 m × 500 m spatial resolution 
MODIS MCD12Q1 V06 land cover product (Friedl et al., 2010) was used 
to remove all fire count outside the land use of interest. From the 17 
MODIS land classes, only VIIRS active fires detections within land cover 
classes defined as “Cropland” and “Cropland Natural Vegetation Mo-
saics” were retained and used for further analyzes. 

2.2.4. MERRA-2 atmospheric reanalysis 
Data from the Modern-Era Retrospective Analysis for Research and 

Applications version 2 (MERRA-2) reanalysis, the update of the MERRA- 
1 version that was active until 2016, developed by the NASA Global 
Modeling and Assimilation Office (GMAO) were used for regional 
characterization of PM2.5 concentrations and meteorology. MERRA-2 is 
a global reanalysis providing atmospheric and land surface variables, 
along with atmospheric composition, for climate and hydrological ap-
plications spanning the satellite era from 1979 to present at 0.5◦ ×

0.625◦ spatial resolution for 72 vertical levels and for different time 
resolutions (from hourly to monthly) (Rienecker et al., 2011). MERRA-2 
takes advantage of the Goddard Earth Observing System Data Assimi-
lation System Version 5 (GEOS-5) Earth System model and earth 
observing satellites for atmospheric, oceanic, biogeochemical and land 
surface processes, and the Goddard Chemistry, Aerosol, Radiation, and 
Transport model (GOCART; Chin et al., 2002) to retrieve atmospheric 
composition and processes, including the assimilation of Terra and Aqua 
MODIS AOD. 

We used near-surface hourly mass aerosol concentration from the 
MERRA-2 single-layer product, consisting of five aerosols species con-
centration within the lowest layer of the model: dust, sea salt, black and 
organic carbon, and sulfate. These five aerosol types were aggregated to 
estimate PM2.5 mass concentration (kg m− 3) using the equation pro-
posed by Buchard et al. (2016): 

PM2.5 = [DS2.5] + [SS2.5] + [BC] + [OC] × 1.4+ [SO4] × 1.375 (1)  

where [DS2.5], [SS2.5], [BC], [OC], and [SO4] are the mass concentration 

(mass/volume) of dust, salt, black carbon, organic carbon, and sulfate, 
respectively. The 2.5 in DS and SS denotes for particulate matter of size 
less than or equal to 2.5 μm. Factors 1.375 and 1.4 account for differ-
ences in the chemical representation of the sulfate ion and the contri-
bution from other organic matter elements in GEOS-5 and MERRA-2, 
respectively (Buchard et al., 2016). 

Along with the above presented PM2.5 components, we used MERRA- 
2 hourly meteorological data of selected variables influencing PM2.5 
concentrations including planetary boundary layer height (m), 10-m 
zonal and meridional wind components (m s− 1), from which wind 
speed was calculated, surface layer height (m), 2-m air temperature, and 
2-m air dewpoint temperature. Also, MERRA-2 2-m and 850-hPa air 
temperature data were used to calculate the temperature inversion 
strength as the difference between upper (850-hPa) and surface (2-m) 
air temperature (Gutiérrez et al., 2013; Schnell et al. 2018). Dewpoint 
and air temperature were used to calculate relative humidity from the 
widely-used equation involving actual and saturated vapor pressure 
(Allen et al., 1998). Although precipitation is an important factor 
modifying concentrations of atmospheric pollutants, we have focused on 
main variables influencing the dispersion of aerosols during the dry 
season, since both wheat and rice harvest periods occur after the 
monsoon withdrawal. 

2.2.5. In-situ PM2.5 measurements 
Ground-based hourly observations of surface PM2.5 concentrations 

were obtained from the Central Pollution Control Board (CPCB) of India 
for a set of five stations located over the IGP, which are displayed in 
Fig. 1. CPCB data have been previously used for ambient PM2.5 char-
acterization (Chowdhury et al., 2019) and regional validation of gridded 
products such as MERRA-2 (Navinya et al., 2020). Data during the two 
periods of interest were used (April–May and October–November), and 
for 2018 and 2019, the available CPCB years. Since a detailed compar-
ison and validation of MERRA-2 over the study area is out of the scope of 
this work, CPCB data were used to perform a general characterization of 
the differences between ground-truth observations and MERRA-2. 

2.3. Estimating pollutant emissions from crop residue burning 

The procedure for estimating PM2.5 emissions from crop residue 
burning consists of two steps. Firstly, district-wise annual biomass 
burned and emissions using crop production statistics as the main data 
source are calculated. Secondly, satellite active fires are used to 
temporally allocate annual emissions at a daily time step and to aggre-
gate district-wise values to a regular (0.05◦ × 0.05◦) grid, as detailed 
below. 

2.3.1. District-level PM2.5 emissions 
PM2.5 emissions from crop residue burning were estimated at district 

level following the approach proposed by Streets et al. (2005) and 
adopted by multiple authors, namely in Azhar et al. (2019) and Zhang 
et al. (2019). This method, primarily based on total crop production and 
a set of parameters allowing the conversion from biomass to emissions, 
expresses initially the total mass emissions as the product between crop 
biomass burned in the field (M; kg) and a pollutant species-specific 
emission factor (EF; the mass of PM2.5 emitted per unit of total mass 
consumed; g/kg) for each crop as: 

E=M × EF × 10− 9 (2)  

where E corresponds to the total PM2.5 emissions from crop residue 
burning in mass units (Gg in this case). The district-level total biomass 
burned per season is estimated for wheat and rice based on crop pro-
duction as: 

M =P × N × D × B × F (3)  

where P is the district total crop production, N the residue to product 
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ratio, D the dry matter content fraction, B the fraction of residues that 
are burned in the field, and F the crop-specific combustion efficiency. 
Parameters used in Eqs. (2) and (3) are presented in Table 1, which were 
taken from previous works on biomass burning estimations in India. 
These parameters were generated from multiple local and regional field 
measurements following recommendations from the International Panel 
on Climate Change (Sahai et al., 2007; Streets et al., 2005; Gadde et al., 
2009; Jain et al., 2014; Ravindra et al., 2019; Vadrevu and Lasko, 2018). 
Likewise, EF in Eq. (2) for PM2.5 emissions from wheat and rice were 
adopted from studies over the same region and from recently-updated 
compilations for agricultural residues (Hays et al., 2005; Andreae, 
2019; Ravindra et al., 2019). 

2.3.2. Spatial and temporal allocation of PM2.5 emissions 
Total annual (2012–2020) PM2.5 emissions were temporally and 

spatially allocated to a regular 0.05◦ × 0.05◦ spatial resolution grid, 
using space-explicit VIIRS active fires. Firstly, a binary mask was 
generated from MCD12Q1 product in order to remove VIIRS points 
falling in a non-crop land cover. Secondly, PM2.5 emissions obtained 
from 2.3.1 were aggregated using daily VIIRS fire counts and the 
following approach: 

Ei =
FCi

FCd
× Ed (4)  

where Ei represents the emissions of the i-th VIIRS detected fire, FCi the 
fire count of the i-th grid, FCd the total number of fire counts for the 
d district, and Ed the total emissions from district d (Eq. (2)). 

The periods of stubble burning depends on the timing of harvesting. 
In the Indian states considered in this study, the wheat harvest typically 
begins in April and ends in May, while rice harvest peaks from 
November to December (Sahu et al., 2015; Liu et al., 2020). After the 
harvest, farmers generally burn the stubble left the fields to prepare the 
land for the next crop. Consequently, considering rice-wheat rotations as 
the main crop system, the study period for the temporal allocation of 
PM2.5 emissions from these two dominant crops were set to Octo-
ber–November and April–May for rice and wheat, respectively. 

2.4. Analysis 

The first section of the results presents an overview of the main 
features of the regional, seasonal and interannual variability of the 
occurrence of fires associated with the burning of rice and wheat 
biomass, captured by the VIIRS product, and the PM2.5 emissions 
calculated using the methodology explained above. Secondly, regional 
MERRA-2 PM2.5 concentrations are described and compared against 
ground truth-based observations, summarized for the wheat and rice 
biomass burning periods. A third section corresponds to the analysis of 
the relationship between seasonal anomalies in MERRA-2 PM2.5 con-
centrations, fire seasonal metrics, and the selected meteorological var-
iables. The latter includes a Principal Component Analysis (PCA) applied 
to the centered and variance-scaled regionally integrated anomalies of 
PM2.5 and meteorological variables in order to further explore how these 
variables are related on a seasonal basis. 

3. Results and discussion 

3.1. Regional features of fire spots and PM2.5 emissions from crop residue 
burning 

Time series of regional average fire counts detected by 375-m VIIRS 
are presented in Fig. 2, along with the corresponding values of FRP, 
which is the measured rate of radiant energy released from a detected 
fire. Fig. 2a and b shows two peaks in fire occurrence and FRP that 
concentrate during April–May and October–November, which are 
mainly associated with the burning of wheat and rice residues, respec-
tively. A very weak occurrence of fires during the cold season (December 
to March) is observed, which fluctuate at low values until the wheat 
harvest period in April–May. In summer, the monsoon rains prevent the 
emergence of both anthropogenic and natural fires. It is also observed 
that the number of fires and consequently FRP during the rice harvest 
time doubles those detected during the wheat harvest period and the 
annual course of sum of FRP indicates a similar amount of energy 
released per detected fire (Fig. 2c). Furthermore, the probability density 
function of normalized FRP (Fig. S1) shows a higher occurrence of fires 
in the average intensity range (FRP ~5 MW km− 2) but more fires of high 
energy released are observed in wheat (mean FRP 6.7 MW km2) than 
rice (mean FRP 5.8 MW km2). The above differences may be explained 
by the set of factors that explain emissions, including the amount of 
biomass burned, emission factors, combustion efficiency, straw 
composition, and also the timing of fires, since straw with higher 
moisture content exhibits more incomplete combustion (Roberts et al., 
2009). 

Maps of annual spatial distribution of density of number of fires 
(2012–2020) for wheat and rice are presented in Fig. 3, where values 
represent the number of fires within each 0.05◦ × 0.05◦ grid point. A 
high density of crop residue fires is observed in the states of Punjab and 
Haryana, two of the most agriculturally intensive states in India. This 
pattern is consistent with previous inventories using high resolution 
VIIRS active fires for different spatial and temporal domains (Singh 
et al., 2020). Also, it is observed that the east area of Uttar Pradesh 
presents a relatively high concentration of fires and emissions associated 
with the burning of wheat stubble. For the case of rice residue burning 
(Fig. 3b), in addition to the higher regional number of fires counts, a 
higher concentration is observed in Punjab and Haryana, while these are 
notably lower in Uttar Pradesh in relation to wheat. The latter is likely 
due to the fact that rice farmers in Uttar Pradesh take rice residues off 
the field for livestock feeding instead of burning (Bhattacharyya et al., 
2021). Further, wheat sowing in Uttar Pradesh is done late in autumn 
than in Haryana and Punjab thus giving relatively wider window for 
residue management. On the other hand, a similar annual spatial dis-
tribution of number of fire spots during the 9-year period is observed in 
Fig. 3, although some important variations such as the reduction in the 
maximum and average number of fires of rice residue burning between 
2016 and 2017. It is also observed that the spatial distribution of number 
of fires is organized following the seasonal pattern of rice and winter 
wheat cultivation, which does not vary significantly from one year to 
another. The average interannual number of fires are 33,096 (standard 
deviation = 7561) and 79,385 (standard deviation = 14,318) for wheat 
and rice fires, respectively, values that are within the observed range of 
previous works over the region (Vadrevu and Lasko, 2018). 

Maps of regional PM2.5 emissions from wheat and rice residue 
burning are displayed in Fig. 4, where values correspond to the sum of 
emissions from each fire captured by VIIRS within each grid cell. Along 
with the higher emissions associated with a higher number of fires over 
Punjab and Haryana, and eastern Uttar Pradesh for the case of wheat 
residues, Fig. 4 shows a greater amount of emissions from rice stubble 
burning compared to wheat that is proportional to the difference in 
number of fires (Fig. 3). Despite the considerable amount of residues 
generated by the wheat harvest, a significant amount of them are 
removed from the fields for animal feeding, unlike rice straw, of which a 

Table 1 
Parameters used in Eq. (2) to estimate PM2.5 emissions.  

Crop Residue to 
product 
ratio (Na) 

Dry 
matter 
fraction 
(Da) 

Fraction of 
residue 
burned (Ba) 

Combustion 
efficiency (Fa) 

Emission 
factors 
(EFb) 

Wheat 1.75 0.88 0.8 0.86 7.6 
Rice 1.5 0.86 0.25 0.89 12.95  

an Expressed in fraction units. 
b Expressed in g/kg of dry matter. 
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large part is burned (Ravindra et al., 2019). The average interannual 
total regional PM2.5 emissions are 245 Gg (standard deviation = 33 Gg) 
and 406 Gg (standard deviation = 109 Gg) for wheat and rice residue 
burning, respectively. Fig. 4 also shows that particulate matter emissions 
in Punjab and Haryana are more homogeneously distributed in the case 
of wheat stubble, being rice residues emissions more concentrated in the 
south of Punjab and north of Haryana. This was also noticed using 
MODIS and VIIRS data by Beig et al. (2020) and Singh et al. (2020) 
during the cold season. 

Fig. 5 presents the interannual variations in total number of fires and 
regional PM2.5 emissions. Fig. 5a shows that the regional total decreased 
between 2012 and 2015 in the case of wheat, and then increased until 
2019. For rice, the number of fires shows relatively constant values 

between 2012 and 2015, then a significant increase in 2016, and then 
decline until 2019. These interannual fluctuations in number of fires and 
consequently in the burned area can have a direct impact on pollutant 
emissions (e.g. Song et al., 2009), as discussed below. On average 
(2012–2020), net total emissions from wheat and rice residues were 361 
Gg, equivalent to 44% of the total multi-crop emissions of 2016–2017 
quantified by Ravindra et al. (2019). Fig. 5c and d also show the 
regionally-aggregated average daily PM2.5 emissions. In this case, as 
seen in both curves, daily values show a gradual increase from near zero, 
to then reach a peak around the first and second week of the May and 
November, respectively for wheat and rice. It is also observed that the 
daily emissions from rice residues double those generated by the 
burning of wheat stubble. The shape of the temporal evolution of 

Fig. 2. (a) Interannual (2012–2020) regional average (solid line) and standard deviation (red area) of (a) daily number of fire sports, (b) daily spatially accumulated 
FRP and (c) FRP normalized by the number of fire spots. Gray area represents the temporal window of wheat (April–May) and rice (October–November) harvest and 
residue burning. Abscissa labels denote the beginning of each month. (For interpretation of the references to color in this figure legend, the reader is referred to the 
Web version of this article.) 

Fig. 3. Maps of fire spots density (per grid; 2012–2020) associated with wheat and rice residue burning. Values represent the number of fires within each 0.05◦ ×

0.05◦ grid point. For better appreciation of results, color bars have a different range of values. (For interpretation of the references to color in this figure legend, the 
reader is referred to the Web version of this article.) 
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emissions agrees with previously observed number of fires (Fig. 2a). 

3.2. Regional MERRA-2 and in-situ surface PM2.5 concentration 

The interannual mean total surface PM2.5 for both wheat and rice 
periods are displayed in Fig. 6a and b, respectively. PM2.5 exhibits both a 
different magnitude and distribution across the IGP, where emissions 
associated with rice biomass burning practically doubles the concen-
trations during wheat residue burning. Also, the spatial distribution of 
PM2.5 during the wheat harvest period tends to concentrate over the 
eastern part of the IGP, with concentrations higher than ≥40 μg m− 3. 
This feature was highlighted by Di Girolamo et al. (2004), who described 
this accumulation of aerosols over the east IGP as a result of the inter-
action between topographical and meteorological factors. Conversely, 
higher PM2.5 concentrations are observed along the NW-SE axis of the 
IGP during the rice harvest period (Fig. 6b), when PM2.5 can reach up to 
≥100 μg m− 3. A similar pattern and magnitudes were previously 
described by Navinya et al. (2020) using MERRA-2 aerosols data 
(2015–2018), who stated that the pre- and post-monsoon seasons are 
those with the lowest and highest PM2.5 concentrations. Also, similar 
results were obtained for different periods by Ojha et al. (2020) using the 
Weather Research and Forecasting model coupled with Chemistry 
(WRF-Chem) in winter, and by Schnell et al. (2018) using the 
Geophysical Fluid Dynamics Laboratory Atmospheric Model version 4 
(GFDL AM4). 

Daily time series of seasonal cycles of MERRA-2 surface PM2.5 for 
wheat and rice residue burning periods are displayed in Fig. 6c and d, 
respectively. During the 2-month pre-monsoon season (Fig. 6c), surface 
PM2.5 over the IGP averages a concentration of 54 μg m− 3, and shows a 
slight increase from 40 μg m− 3 to 58 μg m− 3, which is indicative of a 
relatively low temporal variability. Conversely, Fig. 6d shows a sharper 
rise of surface PM2.5 concentrations, from a minimum of 43 μg m− 3 to a 
maximum of 138 μg m− 3 in November, and also a higher regional 
variability represented by the standard deviation. It is important to note 

that the shape of the curve in Fig. 6c differs for the case of emissions 
presented in Fig. 5c, despite being coincident with the seasonality in 
VIIRS fire count of Fig. 2. Both seasons present contrasting conditions in 
terms of meteorological factors associated with a higher or lower 
ventilation and consequently in the capacity of the atmosphere to 
disperse pollutants. In general, the decline in temperatures and 
incoming radiative fluxes in winter are responsible for the development 
of shallow atmospheric boundary layers, which prevents the dispersion 
of aerosols. The above is enhanced by the lower pressure gradients and 
consequently winds, and the seasonal suppression of precipitation, 
conditions that are widespread across the IGP in winter. In this sense, 
Ojha et al. (2020) found that slightly higher temperatures over eastern 
IGP allow a deeper boundary layer and a relatively higher ventilation. 
Similar, a composite analysis by Schnell et al. (2018) revealed that the 
regional most polluted days in northern India are associated with a 
lower boundary layer height, high relative humidity, and strong tem-
perature inversions. Moreover, although PM2.5 concentration values 
during wheat harvest is considerably lower than for rice, the average 
values observed in Fig. 6 are above standard threshold of 25 μg m− 3 

recommended by the World Health Organization. 
As pointed out in section 2.2.5, ground data were used to charac-

terize biases in MERRA-2 PM2.5 surface concentrations. A comparison 
between MERRA-2 and ground-truth PM2.5 surface concentrations was 
performed for selected locations, which are displayed in Fig. 1. The 
combined scatter plot between surface PM2.5 concentration and MERRA- 
2 for available days during wheat and rice residue burning periods is 
displayed in Fig. S2, and Table 2 shows a more detailed statistical 
comparison for stations. The linear fit (Fig. S2) indicates a systematic 
underestimation of surface concentrations by MERRA-2 present in the 
two periods of the year being compared, with a bias of − 45.7 μg m− 3. 
Similar results were obtained using the Modern-Era Retrospective 
Analysis for Research and Applications Aerosol Reanalysis (MERRAero) 
product for different locations in Europe by Provençal et al. (2017), in 
China by Song et al. (2018) and Ma et al. (2020), and also over India by 

Fig. 4. Maps of PM2.5 emissions (per grid; 2012–2020) associated with wheat and rice residue burning. For better appreciation of results, color bars have a different 
range of values. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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Mahesh et al. (2019). Nevertheless, a statistically significant R2 was 
found (p = 0; data now shown), which suggests the possibility of 
applying a bias correction method, for which a larger ground data set 
would be necessary. This underestimation may be due to the higher 
thickness of the atmospheric surface layer represented by MERRA-2, 
which corresponds to the lowest layer of the GEOS-5 model (Bosilo-
vich et al., 2016). The later considering that ground measurements are 
typically performed in the first few meters above the land surface, very 
close to the emission sources. 

3.3. Seasonal features of PM2.5 emissions and concentration 

3.3.1. p.m.2.5 and fire seasonal metrics 
A composite analysis PM2.5 concentration anomalies and total 

emissions was carried out in order to elucidate the relationship with 
three metrics describing the fire season: total number of fires, 
seasonally-integrated FRP, and date of peak PM2.5 surface concentra-
tion. The total number of fires and FRP were integrated for the period 
between the first and last fire of the corresponding season. The peak 
PM2.5 concentration date was obtained after applying a 5-day moving 
average filter to each PM2.5 time series between the first fire and the last 
day of the season (May 31st and November 30th, respectively for wheat 
and rice) as the number of days between the first fire and the maximum 

value found (peak). Finally, seasonal anomalies were calculated by 
subtracting the corresponding 9-year interannual average to each year/ 
season time series and grid cell. 

Fig. 7 shows the scatter plot between anomalies of MERRA-2 PM2.5 
concentration and emissions (gridded VIIRS), along with the anomalies 
of the three above-mentioned fire season metrics for wheat (upper 
panel) and rice (lower panel). The strong linear relationship between 
PM2.5 concentration and emissions is observed, with significant corre-
lations in both cases: R2 = 0.84 and 0.65 for wheat and rice, respectively. 
However, a greater dispersion in the case of rice, indicating the likely 
influence of other factors associated with PM2.5 concentrations. More-
over, the strong relationship between biomass generated and emissions 
suggests that wheat and rice production could potentially be a good 
statistical predictor of seasonal PM2.5 concentration anomalies. 

The association between positive anomalies of both PM2.5 concen-
tration, emissions and number of fires is stronger for the case of wheat 
(Fig. 7a and d). On the other hand, positive anomalies in FRP are 
associated with positive anomalies in PM2.5 concentrations and emis-
sions (Fig. 7b), which is less clear in the case of rice (Fig. 7e). The latter 
suggests that, in the case of wheat, the lower moisture content per unit of 
biomass burned could determine a higher energy released (FRP), for 
which FRP could become a discriminating variable (Li et al., 2018). In 
this way, Fig. 7e shows that FRP does not discriminate positive of 

Fig. 5. (a) Total annual (2012–2020) number of fire spots and (b) PM2.5 emissions for rice and wheat residue burning. (c) and (d) are the time series of mean daily 
regionally-aggregated emissions of PM2.5 (solid line) from wheat and rice residue burning, respectively. Shaded area in (c) and (d) denotes the interannual stan-
dard deviation. 
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negative seasonal anomalies in PM2.5 concentrations as observed in 
Fig. 7b. A similar pattern is observed in the case of the number of days to 
peak PM2.5 concentration. Fig. 7c shows that PM2.5 positive anomalies 
during wheat harvest are generally associated with the peak concen-
tration date. Similarly, Fig. 7f shows that later peak dates of PM2.5 
during the rice harvest period are associated with the higher emissions 
and concentrations. Additionally, as reported by Ojha et al. (2020), the 
peak in emissions from crop residue burning could represent the 
beginning of the decrease in the relative contribution of biomass burning 
to total air pollution. 

3.3.2. Meteorological drivers of PM2.5 concentrations 
Air pollution involves emissions and factors influencing accumula-

tion, dispersion, or chemical reactions of pollutants (Grivas et al., 2008). 
A composite analysis of PM2.5 concentration anomalies and total 

emissions along with meteorological drivers was performed in order to 
explore the association between seasonal anomalies in planetary 
boundary layer height (PBLH), wind speed and inversion strength, for 
the period between the first and last detected fires. Fig. 8 shows the 
scatter plot between PM2.5 concentration and emissions, and the 
anomalies of the three selected meteorological variables. Fig. 8a shows 
that both positive and negative anomalies in PBLH are observed during 
days of high emission and PM2.5 concentration. However, negative 
anomalies in PBLH are dominant in days of high emission and PM2.5 
concentration of rice residue burning (Fig. 8d). The latter indicates that 
the relationship between PBLH and concentration of pollutants is less 
evident on a seasonal scale. Thus, in the case of burning of wheat resi-
dues (Fig. 8a), PBLH anomalies slightly discriminate between positive or 
negative PM2.5 concentrations. However, Fig. 8d shows a higher number 
of points in the quadrant of positive PM2.5 anomalies. On the other hand, 

Fig. 6. (a)–(b) Interannual average (2012–2020) of MERRA-2 PM2.5 concentration for wheat and rice residue burning periods. (c)–(d) Time series of multi-year 
(2012–2020) regional average MERRA-2 surface concentration of PM2.5 (solid line). For better appreciation of PM2.5 distribution, color bars in (a) and (b) have a 
different range of values. Shaded area in (c) and (d) is the spatial standard deviation. 

Table 2 
Error statistics Root Mean Square Error (RMSE) and Bias calculated between ground PM2.5 stations and MERRA-2.  

Station name Longitude (◦) Latitude (◦) Comparison period RMSE wheat (μg m− 3) RMSE rice (μg m− 3) Bias wheat (μg m− 3) Bias rice (μg m− 3) 

Kanpur 80.323 26.470 Apr–May 2019 58.5 79.4 51.0 41.8 
Oct–Nov 2019 

Karnal 77.003 29.695 Apr–May 2019 55.6 90.8 50.0 55.6 
Oct–Nov 2019 

Mazaffarnagar 77.719 29.472 Apr–May 2019 57.1 102.6 46.6 82.8 
Oct–Nov 2018 

Patiala 76.367 30.349 Apr–May 2019 20.3 45.1 2.9 5.5 
Oct–Nov 2019 

New Delhi 77.201 28.636 Apr–May 2019 48.2 124.1 38.2 82.5 
Oct–Nov 2019  
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wind speed anomalies (Fig. 8b and e) show a higher discrimination 
between positive or negative anomalies of PM2.5. In this sense, seasonal 
anomalies in surface (10-m) wind speed seem to capture the effect on 
horizontal ventilation (Liu et al., 2018b). Schnell et al. (2018) described 
a similar statistical relationship between PM2.5 concentration and wind 
speed on a daily scale over the IGP. In addition, the dominant surface 
NW-SE flow over the IGP might explain this weak seasonal relationship, 
since, for example, higher local ventilation conditions in Punjab could 
enhance the transport of pollutants to Uttar Pradesh, making the 
above-described relationships less consistent at the regional level. 
Further research would be necessary to validate this hypothesis. 

The relationship between PM2.5 concentrations, emissions and the 
inversion strength (Fig. 8c and f) suggests a stronger seasonal influence 
of this meteorological variable. The observed inversion strength is in the 
range of values obtained by Schnell et al. (2018) using a dynamical 
meteorological model during high surface PM2.5 concentration days. In 
the case of the wheat residues burning, for a specific amount of burned 
residues (emissions), PM2.5 concentrations will be influenced by the 
anomalies in the inversion strength. This relationship appears much 
clearer for the case of wheat, where stronger thermal inversion layers, 
which means more potential accumulation of particles, will strongly 
determine PM2.5 concentrations for a given amount of residue burned in 
the field. 

The relationship between meteorological variables and PM2.5 con-
centrations was summarized by the PCA applied to regional averages of 

PM2.5 concentrations and meteorological variables. Results are pre-
sented in Fig. 9 for wheat and rice, and for the first two principal 
components, which explain an 84.7% and 61.5% of the total variance, 
respectively for wheat and rice. Fig. 9 shows some differences in the 
relationship between PM2.5 and environmental variables for wheat and 
rice residue burning. In the case of wheat (Fig. 9a), PC 2 generally 
separates PM2.5 from wind speed and the inversion strength, while the 
relationship between PM2.5 and the remaining variables is almost 
orthogonal, indicating a weak correlation (angle between vectors near 
90◦). An interesting feature corresponds to the positive relationship 
between PM2.5 and air temperature during the wheat harvest period 
(pre-monsoon), which suggests that higher concentrations of PM2.5 
during warm/dry conditions might be associated with, for example, a 
late monsoon onset. The latter is also suggested by the negative rela-
tionship between PM2.5 and wind speed and the inversion strength in PC 
1, since stronger winds and a weakened inversion layer are associated 
with stronger convection and development of the mixing layer, which is 
in turn associated with higher sensible heat fluxes (Mues et al., 2017). 
However, further research is needed to validate this hypothesis. Fig. 9a 
also shows PC 1 the positive relationship between PM2.5 and meteoro-
logical variables PBLH, air temperature (T2M) and surface layer height 
(SLH). Conversely, PM2.5 is negatively correlated with relative humidity 
(RH). The latter can be also associated with the higher PM2.5 concen-
trations during drier pre-monsoon conditions. On the other hand, Fig. 9b 
shows that PC 1 clearly separates the relationship between SLH, T2M 

Fig. 7. Scatter plot between seasonally-integrated total PM2.5 emissions, surface PM2.5 concentration, and (a) number of fires, (b) seasonally-integrated FRP (color 
scale in MW), and (c) peak PM2.5 concentration date as numbers of days between first detected fire and maximum PM2.5 concentration (color scale in days), for (a)– 
(c) wheat and (d)–(f) rice. For better appreciation, y-axis of the upper and lower panels has a different range of values, and values between the 33rd and 66th 
percentiles of the corresponding variables shown in color scale were removed. (For interpretation of the references to color in this figure legend, the reader is referred 
to the Web version of this article.) 
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and PBLH from wind speed, but not from PM2.5. However, a positive 
relationship is observed between PM2.5 and the inversion strength in PC 
2, while a negative relationship is observed between PM2.5 and wind 
speed. In this case, PM2.5 concentrations during the post-monsoon sea-
son show a greater association with inversion strength and air humidity, 
which may be the result of the influence of large-scale synoptic meteo-
rological factors controlling the properties of the atmospheric boundary 
layer (Gutiérrez et al., 2013; Schnell et al. 2018) rather than the vari-
ables associated with surface conditions (2-m air temperature, surface 
layer height, PBLH). The latter could be explained by the lower vari-
ability in temperatures during the cold and dry season, so that, unlike 
the wheat harvest period, the meteorological factors associated with the 
dispersion of pollutants would be able to better discriminate PM2.5 
concentrations. 

3.4. Uncertainties and limitations 

Despite not being the primary objective of this work, it is worthwhile 
to compare the obtained regional emissions from crop residue burning 
with other published works for the IGP where similar approaches based 
on active fire products and crop production census data were used along 
with the associated uncertainties. Singh et al. (2020) estimated 137 Gg 
and 57 Gg of PM2.5 emissions in Punjab and Haryana in 2017–2018 
from crop residue burning, authors that considered more crops in the 
annual biomass production but a shorter time period (2018). Similar, a 
total of 141 Gg/year were estimated by Beig et al. (2020) in Punjab and 

Haryana by kharif (monsoon) season crops burning in 2018. Although 
these values are within the range of results presented in this work, dif-
ferences in estimations of particulate matter emissions are explained by 
all the steps necessary for their calculation, including the input data 
(crop production) and the parameters for the conversion from produc-
tion to biomass burned in the field. In this way, a sensitivity analysis 
would be necessary to investigate the relative effect of each parameter 
on the estimations. Furthermore, an important parameter corresponds to 
the emission factor (EF), which has been determined using multiple 
approaches, including laboratory analysis, whose value is highly vari-
able in the literature. In this work we used parameters that allow the 
results to be comparable with previous studies over the same region. 

Another source of differences between results presented in this work 
and the literature corresponds to the satellite sensor. VIIRS and MODIS 
are among the most used sensors; however, their ability to detect fires is 
highly variable. The comparison of VIIRS and MODIS by Vadrevu and 
Lasko (2018) showed a higher number of fires detected by VIIRS in a 
factor of 4.8 in relation to MODIS Aqua and Terra in Punjab. These 
differences influence the temporal and spatial allocation of crop biomass 
burned to single fires, affecting seasonal patterns and balances. More-
over, although VIIRS has a greater ability to detect fires than MODIS, its 
temporal coverage may not be high enough to capture short duration 
fires. Local experience indicates that crop residue burning takes place 
typically in the late afternoon, lasting for a few hours, which makes 
difficult the detection of small fires. Likewise, cloud cover can signifi-
cantly prevent the detection of small/short duration fires, as reported by 

Fig. 8. Scatter plot between seasonally-integrated total PM2.5 emissions, surface PM2.5 concentration, and (a) average PBLH (color scale in m), (b) average wind 
speed (color scale in m s− 1), and (c) average inversion strength (color scale in K), for (a)–(c) wheat and (d)–(f) rice. For better appreciation, y-axis of the upper and 
lower panels has a different range of values, and values between the 33rd and 66th percentiles of the corresponding variables shown in color scale were removed. 
(For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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Schroeder and Csiszar, 2014. In a similar way, according to Liu et al. 
(2019), small and scattered fires are also underestimated by MODIS. 
Notwithstanding, and considering all these sources of uncertainty and 
errors, the seasonal patterns and associated anomalies should be well 
captured by the approach adopted in this work. 

Finally, we assumed that during April–May and October–November 
the detected fires were associated with wheat and rice residue burning, 
respectively, but other crops can be also present over the region, whose 
residues are prone to being burned (Singh et al., 2020). However, since 
wheat and rice are the dominant crops in terms of cultivated area, the 

calculated PM2.5 emissions should represent the variability in the 
burning of residues of these two dominant crops. 

4. Conclusions 

In this study we present a multi-year analysis of PM2.5 emissions 
associated with the burning of wheat and rice residues in terms of their 
spatial and temporal patterns. We focused on pre- and post-monsoon fire 
episodes across the IGP to generate a high-resolution and multi-annual 
product of emissions using the full VIIRS time span (2012–2020), 
emphasizing the seasonal patterns of PM2.5 emissions, concentrations, 
and associated factors. PM2.5 emissions were estimated by using both 
crop production and VIIRS satellite active fire products. Obtained results 
in terms of emissions are within the range of values from previous in-
ventories reported for the same region using similar approaches. 

Results allow a better understanding of the seasonal variability in 
pollutant emissions and consequences in terms of air pollution for a vast 
region of India. While a high concentration of fires is observed in Punjab 
and Haryana, fires in Uttar Pradesh can contribute to total emissions 
during wheat harvest. Results shows that both the number of fires and 
PM2.5 emissions from during rice harvest roughly double those from 
wheat residue burning. The observed relationships between PM2.5 con-
centrations and emissions with fire season metrics offer opportunities 
for monitoring crop residue burning activities and their effect on 
regional air pollution. The latter includes information and actionable 
products regarding potential air pollution anomalies, especially for 
extreme episodes, in part thanks to the possibility of accessing high 
resolution satellite data. 

The use of MERRA-2 reanalysis-based seasonal meteorological 
anomalies to assess the relationships with PM2.5 concentrations and 
emissions shows that the relationships between air pollution and 
meteorological factors affecting its distribution in the air column are 
clearer for the rice harvest period. Factors associated, for example, with 
the amount of biomass produced and burned in the field has a higher 
relationship with emissions during the wheat harvest. The latter opens 
the possibility of using monthly-scale seasonal climate forecasting along 
with crop production projections to estimate anomalies in surface air 
pollution associated with crop residue burning. This could also be done 
on larger time scales, given the strong relationship between emissions 
and concentrations. On the other hand, since the highest concentration 
of pollutants is observed during the rice harvest, reaching a regional 
peak during the first days of November, a later rice plantation and 
subsequent harvest date should in turn delay the date of occurrence of 
this peak, which could have negative consequences given the unfavor-
able meteorological conditions for the dispersion of pollutants during 
winter. 

In terms of meteorological drivers, both the anomalies and the PCA- 
based analysis revealed a varying relationship between variables and 
PM2.5 for wheat and rice harvest periods. Both periods show a higher 
association with variables that characterize the atmospheric boundary 
layer, rather than surface conditions; however, this association may be 
due to different reasons. In the case of the wheat harvest period, the 
delay in the onset of the rainy season or the occurrence of prolonged dry 
spells can favor the accumulation of pollutants in the atmosphere. On 
the other hand, during the rice harvest in winter, the large-scale synoptic 
variability factors controlling the daily and seasonal development of the 
atmospheric boundary layer could be more relevant. In both cases, the 
results suggest that statistical and physically-based models could be 
potentially used to improve the seasonal forecast of PM2.5 concentra-
tions from variables such as rainfall and pressure gradients (e.g. geo-
potential height) along with crop production projections (Leung et al., 
2018; Baklanov and Zhang, 2020). 
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