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• We analyse the yield loss in rice due to 
surface ozone pollution in India during 
2005–2020. 

• Rice production loss increased from 
7.39 Million tonnes (Mt) in 2005 to 
11.46 Mt. in 2020. 

• An economic loss of $2.92 billion due to 
ozone pollution is estimated for the year 
2020. 

• This study has global implications as 
similar ozone pollution exists in many 
countries.  
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A B S T R A C T   

CONTEXT: About 60% of the world population relies primarily on rice as their staple food, and India ranks 
second in terms of global rice production. Studies have shown the adverse impact of surface ozone pollution on 
agriculture, particularly the yield loss (YL) of major staple crops. 
OBJECTIVE: (i) To assess the bias associated with ozone data used for YL estimation, (ii) to find the uncertainties 
in ozone exposure/crop-response methods applied for computing YL and (iii) to analyse the spatio-temporal 
variability of YL in rice due to surface ozone in India for the period 2005–2020 to assess food security of the 
country. 
METHODS: We use the Tropospheric Emission Spectrometer chemical reanalysis (TCR-2) surface ozone data and 
the ozone exposure/crop-response functions to compute YL in rice. 
RESULTS AND CONCLUSIONS: By using the AOT40 crop-response method, we find a crop production loss (CPL) 
of about 7.39 million tonnes (Mt) of rice in 2005, which increased to 11.46 Mt. in 2020. The estimated average 
CPL for the study period is sufficient to feed about 233 million people per year. It also has incurred an economic 
loss of about $2.92 billion in 2020. 
SIGNIFICANCE: Atmospheric pollution must be reduced to protect crop health and ensure food security, as 
evidenced by the two-fold rise of YL in rice due to ozone pollution during the past decade in India. This is also 
applicable to all agrarian economies of the world with high atmospheric pollution; reiterating the global sig-
nificance of this study.  
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1. Introduction 

Air pollution is one of the important health and environmental 
concerns of current and future climate scenarios. Emissions of man- 
made pollutants have significantly increased since the beginning of in-
dustrial revolution (Houghton et al., 1995; Berntsen et al., 1997), and air 
quality in the developing countries has deteriorated over the period 
(Uglietti et al., 2015; World Health Organization, 2019; Shaddick et al., 
2020; Kuttippurath et al., 2020; Fisher et al., 2021; Sicard et al., 2021). 
Reduction in air quality adversely affects climate, vegetation and 
ecosystem, and thus threatens public health and food security of the 
country. Several studies have shown that the exposure to high levels of 
pollutants such as SO2, NO2, O3 and particulate matter (PM) can cause 
severe damage to crops (Agrawal et al., 2003; Balasubramanian et al., 
2021). Furthermore, recent studies suggest that improved air quality 
could contribute to better agricultural yields and vegetation growth 
(Lobell and Burney, 2021; Kashyap et al., 2023). 

Tropospheric ozone is the third most powerful greenhouse gas (GHG) 
after CO2 and CH4 (IPCC, 2021; Whaley et al., 2023) in terms of 
contribution to the total tropospheric radiative forcing (Dewan and 
Lakhani, 2022). It is a secondary air pollutant created by the photo-
chemical reactions of its precursors, CH4, NOx, CO and Volatile organic 
compounds (VOCs). At the surface, ozone is considered as “bad ozone”, 
because of its GHG effect and toxicity. Being a strong oxidant with the 
potential to generate photochemical smog, ozone disrupts human res-
piratory functioning and plant photosynthesis (West et al., 2006). 
Tropospheric ozone has been increasing in both hemispheres and even 
in Antarctica, attributed to the elevated anthropogenic emissions of its 
precursors and climate variability of the past few decades (e.g. Rathore 
et al., 2023; Kumar et al., 2021). As per various future projection studies, 
this state of rising concentrations of GHGs are expected to be continued 
world-wide, particularly in South and East Asia (Lelieveld and Dentener, 
2000; Avnery et al., 2011; Chang et al., 2017). The annual mean surface 
ozone concentration in India has shown to be about 45.9 ppbv (ozone 
mixing ratio in parts per billion by volume), with its highest concen-
tration in pre-monsoon (March–May: 54 ppbv) and lowest in summer 
(June–September: 40.5 ppbv) as observed by the Ozone Monitoring 
Instrument (OMI) and Tropospheric Emission Spectrometer (TES) (Lu 
et al., 2018). In the beginning of 21st century, ozone pollution has been 
identified as a severe health hazard (Zhang et al., 2019) and a major 
threat to food security, particularly in the developing Asian economies, 
including India (Burney and Ramanathan, 2014; Ghude et al., 2014). 

As reported by the National Crop Loss Assessment Network (NCLAN) 
of the United Nations Environmental Protection Agency (US EPA), 
which is the first comprehensive and systematic investigation of the 
effects of O3 on crops worldwide, tropospheric ozone has been recog-
nised as the major atmospheric pollutant causing crop yield and biomass 
reduction (Lesser et al., 1990; Mauzerall and Wang, 2001; Feng et al., 
2022). Surface ozone exposure at an increased rate and duration causes 
foliar injury to plants, impairing photosynthesis and lowering the pro-
ductivity and yield of crops (Mauzerall and Wang, 2001; Ghude et al., 
2014). After entering through the stomata of leaves, O3 either reacts 
with the plasma membrane or transforms into numerous reactive oxygen 
species (ROS). This ROS can alter cellular activity, and eventually 
trigger cell death and premature senescence of leaves (Long and Naidu, 
2002; Ainsworth, 2017). In addition, prior findings indicate that the 
nutritional quality, particularly carbohydrate, protein, calcium, mag-
nesium and potassium, is declining in plants due to high ozone exposure 
(Singh and Agrawal, 2017). Henceforth, the yield of major crops such as 
rice, wheat and maize has also been reduced (Mills et al., 2007). 

Loss of crop yield due to surface ozone is usually quantified with 
metrics based on the mean daytime ozone concentration (average of 7 h 
and 12 h daytime surface ozone concentration respectively for M7 and 
M12) and cumulative exposure (seasonally accumulated daytime ozone 
concentration above a threshold, i.e. AOT40, SUM06 and W126) (Tong 
et al., 2009). Among them, M7 and AOT40 are widely used for the 

studies in USA (Adams et al., 1985, 1989; Lesser et al., 1990; Wang and 
Mauzerall, 2004) and Europe (Mills et al., 2007), respectively. Van 
Dingenen et al. (2009) assessed the ozone induced crop damage for rice, 
maize, wheat and soybean globally by calculating AOT40 and M7 with 
the use of surface ozone simulated by an atmospheric chemical transport 
model (CTM), the Tracer Model version5 (TM5). They reported that rice 
and wheat are the most affected crops in terms of the estimated loss in 
production. The global economic loss for the crops under consideration 
in their study is between $14 and $26 billion (bn), with India and China 
together account for 40% of the loss. Tai et al. (2021) estimated that the 
current day globally aggregated yield loss for rice is 2.6 ± 0.8%. Feng 
et al. (2022) showed that hybrid rice would experience a higher relative 
yield loss (RYL) than that of inbred rice. 

Carter et al. (2017) used field measurements to investigate the 
impact of increasing surface ozone on rice yield in the southeast China. 
They showed that, compared to a day with a maximum ozone concen-
tration of <60 ppbv, an extra day with a peak ozone concentration of 
>120 ppbv is accountable for 1.1 ± 0.83% of yield loss in rice. The open- 
top chamber (OTC) study by Zhang et al. (2022) reported that yield loss 
(YL) of rice is higher, when the crop is exposed to ozone continuously 
during its entire growth period than that episodically during its different 
growth stages. A decrease in surface ozone causes increase in rice pro-
duction by 9.8% in the absence of anthropogenic emissions, as observed 
in a sector-by-sector examination of air pollution impacts on rice in 
China (Xu et al., 2022). Out of the four sector-specific emission scenarios 
(industrial, energy, domestic and transportation), industrial emission 
management has been shown as the most effective and led to a 4.4% 
increase in rice production. 

In a field-based study, Debaje (2014) calculated 3–16% YL of rabi 
rice in India from 2002 to 2007. Wheat was the most affected crop, 
followed by rice, according to a district-level calculation of the effect of 
ozone on major crops in India for the year 2005 by using the Weather 
Research and Forecasting with Chemistry (WRF-Chem version 3.2.2) 
CTM ozone simulations (Ghude et al., 2014). Their estimates are lower 
than that computed using the ozone simulated by global CTMs (Van 
Dingenen et al., 2009; Avnery et al., 2011). Ozone induced reduction in 
yield and quality also vary among the crop species (Tomer et al., 2015; 
Yadav et al., 2020; Yadav et al., 2021). Lal et al. (2017) estimated the 
RYL of 0.3–6.3% for rice, based on the surface ozone observations from 
17 stations in India for the period of 2012–2013. They suggest the need 
for region-specific metrics and response relationships to estimate RYL in 
India and Southeast Asian countries. Sharma et al. (2019) estimated the 
nation-wide RYL of rice due to surface ozone as 6% by using the WRF- 
Chem model simulations of hourly ozone mixing ratios for the period 
2014–2015. Their study highlights the necessity of long-term O3 moni-
toring near croplands and establishment of a database for the annual 
emissions to facilitate policy decisions. 

Indo Gangetic Plain (IGP), commonly known as the “breadbasket of 
India”, is facing the problem of decline in crop productivity due to the 
increasing surface O3 concentrations (Singh et al., 2018), which is a 
major concern for food security of the country. It is challenging to feed 
the nation’s huge population sustainably and meet United Nation’s 
Sustainable Development Goal 2 (UN SDG2) by 2030 in the context of 
rising pollution, population growth and changes in regional climate. 
However, the connection between air pollution and crop YL is less dis-
cussed in the Indian context, as most studies deal with urban air pollu-
tion and public health. Furthermore, previous studies considered very 
similar growing period for rice in all Indian states for the computation of 
YL (e.g. Ghude et al., 2014; Lal et al., 2017; Sharma et al., 2019). 
Nevertheless, there are regional differences in the rice-growing seasons 
and that should be considered in the calculations. The uncertainties 
associated with the available long-term fine resolution surface ozone 
reanalysis and satellite data are also need to be addressed. Therefore, 
objectives of this study are (i) a detailed error analysis of the ozone data 
used for the YL calculation, (ii) find the uncertainties associated with 
different ozone exposure/crop-response functions applied for the YL 
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computation and (iii) make a comprehensive analysis of YL in rice 
caused by ozone pollution for the period 2005–2020 and asses the 
associated food security of India. 

2. Data 

2.1. Ozone and crop production data 

We have used different ozone datasets for the computation of YL and 
have examined the uncertainties associated with them to find the suit-
able data for the long-term crop production loss (CPL) assessment 
(detailed error analysis is presented in Section 4.1 and Supplementary 
Section S1). These data include Copernicus Atmosphere Monitoring 
Service Reanalysis (CAMSRA) (Inness et al., 2019), fifth generation 
European Center for Medium range Weather Forecast (ECMWF) rean-
alysis ERA-5 (Hersbach et al., 2020), the updated Tropospheric Chem-
istry Reanalysis and emission estimates version 2 (TCR-2), and the 
Infrared Atmospheric Sounding Interferometer plus Global Ozone 
Monitoring Experiment2 (IASI+GOME2) measurements (Cuesta et al., 
2013). 

The ERA-5 hourly ozone mixing ratio data are available from 1940 to 
date on 37 pressure levels from surface to 1 hPa at a horizontal resolu-
tion of 0.25◦ x 0.25◦. Different ozone satellite data are assimilated in the 
ERA-5 reanalysis model to create the ozone profiles (Hersbach et al., 
2020) with an updated version of Cariolle and Deque ozone parame-
terisation (Cariolle and Teyssedre, 2007). The CAMSRA 3-hourly ozone, 
produced using 4DVar data assimilation of the Integrated Forecasting 
System (IFS) by ECMWF, is available from 2003 to 2022 at a spatial 
resolution of 0.75◦ x 0.75◦ on 25 vertical levels from surface to 1 hPa. 
Here, the 3-hourly CAMSRA ozone data at 1000 hPa is interpolated to 
the hourly interval to calculate CPL. 

The synergetic satellite multispectral approach for ozone, called 
IASI+GOME2, is developed at the Laboratoire Inter-universitaire des 
Systèmes Atmosphériques (LISA) laboratory, France. The IASI thermal 
infrared (TIR) and GOME-2 ultraviolet (UV) measurements combined 
together to get the tropospheric ozone below the altitude of 3 km 
(Cuesta et al., 2013). The Centre National d’Etudes Spatiales (CNES), 
France, in collaboration with the European Organisation for the 
Exploitation of Meteorological Satellites (EUMETSAT), developed the 
IASI instrument for operational meteorology and atmospheric chemistry 
monitoring (Boynard et al., 2018). It performs measurements on a 
horizontal resolution of 12 km across a swath width of about 2200 km, 
and these data are available since its launch in 2006. One of the new 
generation European sensors on the Meteorological Operational 
(MetOp) satellite series, GOME-2, was developed by the European Space 
Agency to measure UV radiation, trace gases and ozone. GOME-2 pro-
vides daily global coverage with a spatial resolution (80 km × 40 km) 
coarser than IASI, but a swath width comparable to IASI (for MetOp-A at 
around 09:30 AM local time) (Boynard et al., 2018). The GOME-2 ozone 
data are available from its launch date on 19 October 2006. The com-
bined IASI+GOME2 provides a single vertical profile of the lowermost 
tropospheric ozone partial columns integrated between the surface and 
3 km of altitude. It is obtained for every pixel at the IASI horizontal 
resolution by fitting co-located IR and UV spectra together, and this 
multi spectral retrievals show enhanced sensitivity to near surface ozone 
as compared to other single band approaches (Cuesta et al., 2013). For 
instance, there is a good qualitative agreement between the near-surface 
ozone pollution outbreak across East Asia as shown by in situ mea-
surements and IASI+GOME2 retrievals, but it is not captured by the 
IASI-only retrievals (Cuesta et al., 2018). These data are validated with 
global ozonesondes and surface in situ ozone measurements in East Asia 
(Cuesta et al., 2018) and Europe (Cuesta et al., 2022; Okamoto et al., 
2023), and are suitable for lower tropospheric ozone studies. 

The TCR-2 reanalysis is available for the period 2005–2021 at 1.1◦

resolution. This reanalysis was created by incorporating several satellite 
ozone measurements [TES version 6 and Microwave Limb Sounder 

(MLS) version 4.2] (Bowman et al., 2006). Its processing was carried out 
using the global coupled CTM, MIROC-CHASER (Model of Interdisci-
plinary Research On Climate-Chemical Atmospheric general circulation 
model for Study of atmospheric Environment and Radiative forcing), to 
simulate emissions, wet and dry depositions, and tracer transport with 
comprehensive photochemistry in the troposphere and stratosphere 
(Miyazaki et al., 2020). To accurately describe ozone chemistry in the 
troposphere, it considers the basic chemical cycles of Ox-NOx-HOx-CH4- 
CO and oxidation of Non-Methane Volatile Organic Compounds 
(NMVOCs). Measurements from a number of independent surface and 
aircraft sources have been used to validate the accuracy of this rean-
alysis (e.g. Miyazaki et al., 2020). Furthermore, 9 out of the 32 vertical 
levels of TCR-2 are within the lower troposphere, below 3 km altitude 
(Okamoto et al., 2023). As hourly surface ozone is necessary to calculate 
the ozone exposure metrics, we interpolated the 2-hourly TCR-2 data to 
the required intervals. To compute the district-wise production loss, 
these data are spatially interpolated to 0.25◦ resolution. 

District-wise rice production and yield data for the study period 
(2005–2020) from the Special Data Dissemination Standard-Directorate 
of Economics and Statistics (SDDS-DES, Ministry of Agriculture Gov-
ernment of India) are used to estimate CPL. 

3. Methods 

3.1. Study region and crop seasons 

We carry out a long-term (2005–2020) analysis of surface ozone 
exposure-related YL in rice, and associated national-level economic loss 
in India. According to the Directorate of Rice Development (Ministry of 
Agriculture and Farmer’s Welfare), rice is cultivated during three sea-
sons in India: autumn, winter and summer. The crop harvest season 
determines the name of these seasons, but sowing date varies slightly 
from one state to the other depending on local weather. The major rice- 
growing season in India, referred to as kharif or winter rice, begins in 
June or July and ends with harvesting in November or December. 
Around 84% of the rice production in India is during this season. Rabi 
rice (summer rice) is sown between November and February, and har-
vested between March and June. Pre-kharif (autumn) rice is sown from 
May to August, and harvested in September or October, but it is limited 
to some of the southern (e.g. Kerala and Tamilnadu), eastern (Orissa and 
West Bengal) and northeastern states in India. Details of seasons, sowing 
and harvesting months considered in our analysis based on the infor-
mation given in Rice knowledge management portal (http://www.rice 
portal.in/research-domain/rice-state-wise) are provided in Supplemen-
tary Table TS1. The National Food Security Mission (NFSM) categorized 
rice-growing areas into five major divisions, namely the Southern (SR), 
Northern (NR), Western (WE), Eastern (EA) and Northeastern (NE) re-
gions (see Fig. S1). 

3.2. Ozone exposure metrics 

The 7 h (09:00–16:00 h) mean surface O3 concentration (M7) and 
accumulated daytime (08:00–20:00 h) hourly ozone concentration >40 
ppbv (AOT40) for the entire crop-growing season are the main exposure 
metrics used for YL computations (Van Dingenen et al., 2009; Sinha 
et al., 2015; Lal et al., 2017). The AOT40 metric is the weighted sum that 
signifies higher ozone values to represent the pollution, but M7 gives 
equal weight to all ozone values, below 40 ppbv too (Sinha et al., 2015). 
Studies show that any agricultural crop should expect a 5% reduction in 
yield if the total combined surface ozone concentration in the growing 
period exceeds 3000 ppb.h (parts per billion. hour) (Mauzerall and 
Wang, 2001; Ishii et al., 2007). The Eqs. (1) and (2) for calculating 
exposure metrics are taken from Van Dingenen et al. (2009); 

M7 =
1
n

∑n

i=0
Ci (1) 

K.S. Anagha et al.                                                                                                                                                                                                                              

http://www.riceportal.in/research-domain/rice-state-wise
http://www.riceportal.in/research-domain/rice-state-wise


Agricultural Systems 215 (2024) 103849

4

AOT40 =
∑n

i=0
(Ci − 40) (2) 

Here, ‘n’ is the total number of daylight hours in the entire crop 
growing season (09:00–16.00 h for M7 and 08.00–20.00 h for AOT40), 
and Ci is daytime hourly ozone concentration for M7 and daytime hourly 
ozone concentration ≥ 40 ppbv for AOT40. 

3.2.1. Exposure-response functions 
The exposure-response functions (ERF) are equations that quantify 

response of the crop, when exposed to specific levels of ozone and its 
impact on the crop yield (Mauzerall and Wang, 2001). In the early Eu-
ropean and American OTC studies, ERF for each metric was calculated 
by fitting linear or Weibull functions (in turn for AOT40 and M7) to the 
yield responses of crops at different ozone concentrations. The absolute 
yield at zero ozone exposure was calculated first for each of these 
functions using regression analysis of the yield relative to ozone expo-
sure (Mills et al., 2007). The relative yield (RY) for each exposure metric 
was then determined as the difference from the absolute yield, for which 
a value less than one indicates decrease in the yield (Avnery et al., 2011; 
Sinha et al., 2015). Here, we use the ERF relationship developed from 
the European and American OTC studies (Eqs. 3 and 4) to compute RY of 
rice. At each grid, we estimate AOT40 and M7 for the state-wise growing 
seasons of rice in India (period starting from 15 days after sowing to 15 
days before harvesting is considered) and calculate RY; 

RY = ( − 0.0000039×AOT40)+ 0.94 (Mills et al., 2007) (3)  

RY =
exp[− (M7/202) ]2.47

exp[− (25/202) ]2.47 (Adams et al., 1989) (4) 

Furthermore, we have used the newly developed ERF for Indian rice 
(Eqs. 5 and 6) by Sinha et al. (2015) for Punjab and Haryana states; 

RY = ( − 0.00001×AOT40)+ 0.95 (5)  

RY =
exp[− (M7/86) ]2.5

exp[− (25/86) ]2.5
(6)  

3.2.2. Estimation of seasonal and annual crop production loss 
RY at zero exposure is equal to 1 by scaling the ERF based on 

exposure metrics. RYL is the difference between actual yield (RY) and 
hypothetical yield (assumed to be 1) of the crop (Avnery et al., 2011), 
and then RYL and CPL are calculated as; 

RYLseason = 1 − RYseason (7)  

CPLseason =
RYLseason

(1 − RYLseason)
×CPseason (8) 

Here, RYLseason is the district-wise and seasonal average of RYL. 
CPseason is the total district-wise seasonal crop production of the 
respective year. 

We estimate RYL for some states separately because of the regional 
differences in growing and harvesting periods as per the available in-
formation. The remaining regions or states with similar crop-growing 
periods are taken together for calculating RYL. The CPL for each sea-
son and district India is computed by Eq. (3) and then nation-wide total 
annual CPL is calculated by adding CPL across all districts and seasons 
(Eq. 9). See Fig. S2; outline of steps involved in the computation of CPL. 

CPLyear = CPLkharif +CPLrabi +CPLpre− kharif (9) 

Percentage loss (CPL %) per year is estimated with the Eq. (10); 

CPL%year =

(
CPLyear

CPyear + CPLyear

)

× 100 (10) 

Finally, the economic cost loss (ECL) of CPL is estimated by multi-
plying CPL with the minimum support price (MSP), which has been set 

by the Indian government for each year. MSP is a form of support by the 
Government of India to the farmers to insure a minimum price for their 
produce during the periods of its down fall (Commission for Agricultural 
costs and prices https://cacp.dacnet.nic.in). The MSP data for paddy are 
available from 2010 onwards, and henceforth, the calculation of ECL is 
performed for the 2010–2020 period. 

4. Results and discussion 

4.1. Uncertainties in the ozone data 

We have performed a detailed error analysis of ozone data used for 
the CPL calculation in this study and is presented in Section S1 in Sup-
plementary data and Table TS2. For instance, Fig. 1 shows the season- 
wise distribution of surface ozone in India for the period of 
2017–2021. As compared to the satellite data (IASI+GOME2), the TCR-2 
and CAMSRA ozone distributions are comparable across the India land 
regions, but ERA-5 fails to reproduce the satellite measured features. 
Among the datasets, more reliable results with respect to the satellite 
observations are produced by TCR-2. CAMSRA shows higher ozone in 
the Third Pole (TP) and hilly region for most seasons. In addition, the 
west coast of India and head Bay of Bengal regions show anomalous 
values in December–February (winter) as compared to the satellite 
measurements. ERA-5 also shows anomalous ozone values, particularly 
in the northern India and TP. Also, we have made another comparison of 
surface ozone from these datasets for a randomly chosen day of 25 April 
2018 (see Fig. S3) to further evaluate their reliability. Here, the TCR-2 
reanalysis better compare with the observation of IASI+GOME2, and 
show matching patterns in the central, IGP and southern regions. 
Though CAMSRA shows similar pattern of IASI+GOME2 as observed in 
IGP and eastern regions, it has relatively higher values of ozone (> 70 
ppbv). 

Because of the limited description of tropospheric chemistry in ERA- 
5, its ozone data mostly represent the downward contribution of 
stratospheric ozone, which may explain the differences of ERA-5 with 
CAMSRA and TCR-2. The lower tropospheric ozone transport is difficult 
to capture by ERA-5, as it does not have a chemical transport model 
(Park et al., 2020), and thus, ERA-5 ozone based CPL calculations are 
generally smaller due to its lower ozone concentration in major agri-
cultural regions. On the other hand, the agreement of IASI+GOME2 with 
TCR-2 is better than that of CAMSRA and ERA-5. However, 
IASI+GOME2 do not have hourly surface ozone data to compute CPL 
and are available only from July 2016. Therefore, we have not consid-
ered the CAMSRA, ERA-5 and IASI+GOME2 ozone for the CPL calcu-
lations. To test the robustness of TCR-2 ozone for CPL estimation, we 
also compared those data with ozonesonde measurements from Thir-
uvananthapuram (SR), Pune (WE) and New Delhi (NR) (see Fig. S4), for 
which the stations represent different regions of India. A detailed dis-
cussion on the comparison is presented in Supplementary data (Section 
S1). The comparisons yield good agreement between TCR-2 and ozo-
nesonde at different stations. Based on these uncertainty analyses, we 
have selected the TCR-2 ozone data for the computation of CPL in this 
study, 

4.2. Uncertainties associated with methods 

There are different ER functions to compute CPL and most methods 
are region specific. Therefore, we made an assessment to select an 
appropriate method for the Indian region. To perform the analysis, we 
compiled all available studies in the past and compared to our estimates 
for the same region and year, although there are some differences such 
as the season length. Fig. 2 shows the comparison of mean CPL estimated 
by different studies and methods. Except Debaje (2014), which is for 
rabi rice, all other studies are for kharif rice, and our estimates are the 
sum of CPL in all three rice producing seasons in a year. Ghude et al. 
(2014), Sinha et al. (2015) and Sharma et al. (2019) have computed CPL 
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only with the AOT40 method, in which Sinha et al. (2015) used the ERF 
developed for the Punjab and Haryana regions together. All the other 
studies estimated CPL for the entire country. The red dots in the figure 
represent our estimates for the same period, season and method, as done 
in other studies. The mean CPL of rabi rice for the period 2002–2007 
calculated by Debaje (2014) is 2.1 Mt. and 0.64 Mt., respectively, for 
AOT40 and M7. Our study period starts from 2005, and thus, the mean 
CPL for rabi rice for the period 2005–2007 is 1.5 Mt. by AOT40 and 0.33 
Mt. by M7. Debaje (2014) used the AOT40 values derived from a linear 
relationship between AOT40 and M7 provided by Mills et al. (2007). 
However, the relationship between AOT40 and M7 is not linear, but 
exponential as described by Sinha et al. (2015). For this reason, the 
estimate by Debaje (2014) is higher than our estimates. In addition, the 
method of deriving AOT40 with such a linear relation may not be suit-
able for the Indian region (Sinha et al., 2015; Lal et al., 2017). 

The other estimates show comparatively smaller CPL than our values 
(e.g. 0.3–6.7 Mt. for Lal et al., 2017, 2.1 Mt. for Ghude et al., 2014). The 
key reasons for the differences are: (i) the ozone data used in these 
studies are different, as the field studies use point measurements, but we 

use the best available satellite ozone. Since the computation is based on 
ozone data, the accuracy and resolution of ozone data are very impor-
tant. In addition, the field studies mostly have ozone measurements in 
the urban and semi-urban sites, and thus, they cannot not fully capture 
the atmospheric chemistry in rural areas with croplands (e.g. Debaje, 
2014; Lal et al., 2017; Sinha et al., 2015). Lower estimates of CPL could 
also result from ozone measurements distant from rural agricultural 
areas, which are likely to have higher concentrations (Sharma et al., 
2019). (ii) The regional CTM based studies underestimate the observa-
tion based CPL, because of the difference in accuracy of the regional and 
local emission inventories used in the simulation of ozone in such 
models (Sharma et al., 2019). (iii) The differences in rice growing sea-
sons, e.g. we have considered all seasons and there are changes in rice 
growing period among the states. (iv) Previous studies converted the 
district-wise crop yield data into grids of ozone resolution and then 
calculated RYL (e.g. Ghude et al., 2014; Sharma et al., 2019). However, 
the ozone and crop data resolution may be very coarse and then the 
interpolation could make uncertainties in the CPL calculation. 

Among these studies, Sinha et al. (2015) used the information from 

Fig. 1. Comparison of seasonal climatology of surface ozone mixing ratio (ppbv) from TCR-2, ERA-5 and CAMSRA ozone data with the IASI+GOME2 lower 
tropospheric ozone column integrated between the surface and 3 km altitude for the period 2017–2021. The TCR-2 data are available as surface ozone mixing ratios. 
The ERA-5 and CAMSRA available as ozone mixing ratio at pressure levels and we consider the 1000 hPa ozone. Each season is marked at the top panel of the 
respective column as DJF (December–February), MAM (March–May), JJA (June–August) and SON (September–November). 
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peer-reviewed literature available for OTC studies on South Asian cul-
tivars and verified their new ERF with ozone monitoring data from 
Mohali and the seeding experiment data conducted in Punjab and 
Haryana. Though the seeding experiments fortuitously exposed to 
different ozone levels as their sowing dates were different, the purpose 
of the experiments was not to study the impact of ozone on cultivars. 
Henceforth, the ozone monitoring and clean-air control treatments were 
absent in their experiment, and they used in situ ozone measurements at 
a suburban site in Mohali of Punjab (Sinha et al., 2015). The slope of 
their revised equation is steeper and intercept is lower than those re-
ported by European OTC studies. This made the underestimation of CPL 
for the South Asian cultivars by the European (~10%) and American 
studies (~20%). The higher CPL by the new ERF derived by Sinha et al. 
(2015) can be attributed to the variant of cultivars, the comparatively 
higher sensitivity of Indian cultivars to ozone, and also the other reasons 
discussed above. Note that this ERF is also not applicable for the entire 
India. 

In addition to the comparison of CPL by different ERF in previous 
studies, we have also performed a comparison of CPL calculated by 
different ozone data and ERF discussed in this study. Fig. 3 shows the 
CPL of kharif rice calculated with the European and American ERFs (Eqs. 
3 and 4) and using the ERA-5, CAMSRA and TCR-2 data for the period 
2017–2020. CPL calculated with AOT40 is smaller for ERA-5 (3.7–4.6 
Mt) and CAMSRA (6.8–8.7 Mt) than that of TCR-2 (8.1–8.5 Mt) except 
for the year 2020, in which CPL by CAMSRA (8.7 Mt) is slightly higher 
than that of TCR-2 (8.5 Mt). By applying the M7 method, ERA-5 shows 
0.2–0.3 Mt. and CAMSRA shows 0.85–1.17 Mt. CPL, which are lower 
than that of TCR-2 (1.67–1.89 Mt). Similar analysis with the ERF pro-
vided by Sinha et al. (2015) (Eqs. 5 and 6) is also performed (see Fig. S5), 
and the estimated CPL (e.g. about 15 Mt. for TCR-2, 12 Mt. for CAMSRA 
and 3.5 Mt. for ERA-5) is higher than that by Adams et al. (1989) and 
Mills et al. (2007) for both methods and all data sets, as discussed pre-
viously (Fig. 3). However, Sinha et al. (2015) show similar CPL values 
for both AOT40 and M7 with respect to the TCR-2 data. The ERF derived 
by Sinha et al. (2015) is most suitable for the north India, particularly 
Punjab and Haryana, and thus, it overestimates CPL for other regions. 
Furthermore, the comparison with previous studies, those use European 
and American ERF, shows that AOT40 provides better CPL estimates. 

As already mentioned, since AOT40 is the weighted sum of daytime 
ozone concentration above a threshold, the loss estimated by this 
method will be higher than that based on the daytime averaged ozone 
between 09 h and 16 h (M7). The difference between CPL calculated 
with AOT40 and M7 is clearly visible in Fig. 2, Fig. 3, Fig. S5 and Fig. S6. 

Additionally, AOT40 considers the impact of duration of ozone exposure 
on crops, whereas M7 solely depends on ozone concentration, and the 
AOT40 was developed to determine the grave detrimental effects of 
sporadic ozone pollution (Mills et al., 2007). Henceforth, AOT40 more 
accurately represents the substantial impact of ozone pollution on crops 
than M7 (Bui and Nguyen, 2023), and thus AOT40 has been used widely 
for estimating CPL (e.g. Ghude et al., 2014; Sinha et al., 2015; Sharma 
et al., 2019; Li et al., 2022). Therefore, based on these uncertainty as-
sessments, we use the TCR-2 ozone data (as detailed in the previous 
section) and AOT40 method for the long-term assessment of CPL and 
associated economic loss in India. 

4.3. Rice production and surface ozone concentration 

Fig. 4 shows the district-wise spatial distribution of 16-year 
(2005–2020) average annual rice production in kilo tonnes (Kt) and 
annual climatology of daytime surface ozone. The major rice producing 
regions in India are IGP (Haryana, Punjab, Uttar Pradesh, Bihar and 
West Bengal) and eastern coastal states (Orissa, Andhra Pradesh and 
Tamilnadu), and they show a maximum district-wise production of ~1.1 

Fig. 2. Comparison of crop production loss (CPL in million tonnes) for rice estimated by different studies using the concentration based (AOT40 and M7) exposure 
response functions (ERF). Red dots representing the CPL obtained in our study for the same period of the corresponding study and red dash lines are the difference 
between the estimates. Debaje (2014) is for rabi rice (from December–February to March–June) and all other studies are for kharif rice (from June–July to 
November–December). Our study considers all seasons (including pre-kharif; from May–August to September– October). Sinha et al. (2015) used a new ERF to 
calculate CPL for Punjab and Haryana together. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 

Fig. 3. Comparison of crop production loss (CPL) of kharif rice in million 
tonnes (Mt) calculated with exposure-response functions (ERF) provided by 
Mills et al. (2007) and Adams et al. (1989), respectively, for the AOT40 and M7 
methods, and using the TCR-2, ERA-5 and CAMSRA surface ozone data for the 
period 2017–2020. 
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Mt./yr. Almost all districts in Punjab produces 0.5–1 Mt. rice every year, 
where ozone is also higher, about 54–58 ppbv. Rest of the regions in IGP 
shows relatively higher ozone in the range of 48–54 ppbv. This higher 
ozone in IGP might be due to the high atmospheric pollution, reduced 
precipitation and intense solar radiation during the monsoon period, 
and due to dry weather in winter. 

Fig. 5 shows the monthly average daytime surface ozone for the 
study period. North India, particularly IGP, shows ozone >55 ppbv in 
April and May. Ozone starts decreasing (25–30 ppbv) from April on-
wards in the southwestern coastal states. This ozone minimum gradually 
spreads to the central and southern regions (falling below 30 ppbv) from 
July to September (monsoon rain period). However, the monthly 
maximum of daytime ozone (Fig. S7) shows that there are days with 
values higher than 40 ppbv in all regions, even in summer monsoon. In 
the southwestern coastal region, only July–August show ozone lower 
than 40 ppbv, but not <30 ppbv. From September onwards, ozone again 
increases in the north India, which gradually extends to SR with 
comparatively lower values than that of NR. Post-monsoon season is the 
worst time of pollution with high ozone in IGP, mainly due to higher 
emissions of its precursors like biogenic NMVOCs, formaldehyde 
(HCHO) and NOx, together with favorable meteorological conditions. 
Furthermore, IGP and some regions of the central and eastern states of 
India have very high ozone during March–May, which is mostly asso-
ciated with elevated carbon monoxide (Kunchala et al., 2022). On the 
other hand, the southern tip of SR and some parts of NE experience less 
exposure to ozone compared to other regions. In fact, SR, particularly 
the southwestern region, is more humid and warmer than the northern 
region, which might have resulted in higher OH and increased photol-
ysis of NO2 (Rathore et al., 2023). Additionally, SR has relatively fewer 
point sources of pollution, such as lower vehicular emissions and 
biomass burning. Therefore, besides the unfavorable meteorological 
conditions, the lower amount of NO2 also leads to reduced tropospheric 
ozone production in SR (Rathore et al., 2023). 

Temporal evolution of the annual average rice yield and daytime 
surface ozone in different rice growing regions and seasons are depicted 
in Fig. S8 (kharif), Fig. S9 (rabi) and Fig. S10 (pre-kharif). The rabi and 
pre-kharif season yield in SR have increased consistently after 2015, at 
about 0.052 ± 0.004 (trend and the 95% confidence interval) tonnes/ 
ha/year (t/ha/yr) and 0.090 ± 0.001 t/ha/yr, respectively. The corre-
sponding ozone trend values are in turn 0.372 ± 0.055 ppbv/yr and 
0.244 ± 0.051 ppbv/yr for pre-kharif and rabi seasons. NR also shows 
positive trend for these seasons, but smaller than that in SR. The 
decrease in yield is accompanied by an increase in ozone in most years. 

All regions and seasons show an increasing trend in yield and daytime 
ozone, except NE during pre-kharif, where a nonsignificant negative 
trend of ozone (− 0.006 ± 0.053) is estimated. The EA (kharif and rabi 
seasons) and SR (rabi and pre-kharif) regions exhibit higher positive 
trends in yield and ozone. Our analysis shows that surface ozone is 
increasing in EA, at 0.214 ± 0.052 ppbv/yr. This finding is comparable 
to the annual trend of 0.218 ppbv/yr estimated for the eastern India for 
the period of 2003–2019 by Kunchala et al. (2022). Additionally, we 
find the highest positive trend in surface ozone in SR during all seasons, 
and are consistent with the findings of Rathore et al. (2023) for the 
tropospheric ozone. 

During kharif season, North India, including IGP shows AOT40 
values of 12,000–28,000 ppb.h, which makes the crops extremely sus-
ceptible to damage (Fig. 6). In contrast, the SR and EA exhibit AOT40 
concentrations between 2000 and 4000 ppb.h during the kharif season. 
This could be associated with monsoon rains, cloud cover and other 
weather conditions discussed previously. Note that, the threshold of 40 
ppbv is a cutoff, which signifies YL inflicted by episodes of very high 
surface ozone. It does not suggest that concentrations below 40 ppbv are 
not perilous for crop health. Prolonged exposure to ozone may nega-
tively impact crops even at lower concentrations because it directly 
damages the cells that surround leaf stomata, and thus, reduce their 
ability to open and close (Hollaway et al., 2012). Additionally, the OTC 
studies reveal that the ozone levels below 40 nmol/mol impair paddy 
cultivars in South Asia (Sinha et al., 2015). Higher AOT40 values in 
kharif are primarily found in the western IGP and hilly regions. 
Approximately 15,000–22,000 ppb.h of AOT40 is observed in the 
remaining states of northern India and also in some parts of EA and WE. 
During rabi season, there observed a higher AOT40 (26000–34,000 ppb. 
h) area stretches from IGP to the eastern, central and western India. In 
this season, ozone is equally elevated in the northern areas of SR. The 
areas with higher AOT40 observed during rabi in the north and central 
India are confined only to IGP during pre-kharif season (22000–280,000 
ppb.h). Mittal et al. (2007) also reported that AOT40 was higher than 
3000 ppb.h in most regions of India during spring and summer months 
of 2000. 

4.4. Rice production loss and economic loss 

The spatial representation of the 16-year average district-wise 
annual CPL and temporal changes in all India total annual CPL of rice 
due to ozone for the study period (Fig. S6 top panel and bottom panel 
respectively) show that the AOT40 method provides a maximum 

Fig. 4. District-wise annual rice production [CP – crop production in kilo tonnes (kt)] and daytime ozone mixing ratio (ppbv) in India averaged for the 2005–2020 
period. Here, the regions are defined as, SR is Southern region, NR is Northern region, WE is Western region, EA is Eastern region and NE is Northeastern region. 
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district-wise CPL of around 0.9 Mt. EA and NR (including IGP) show 
higher production loss, in which Punjab, West Bengal, Uttar Pradesh 
(UP), Bihar, Chhattisgarh, Andhra Pradesh and eastern parts of Madhya 
Pradesh have contributed more to the total CPL. The total annual CPL of 
the study period is 7.18–12.42 Mt., which generally shows an increasing 
trend, except for a few years (e.g. reduced loss in 2007, 2010, 2013 and 
2020). Those years may have been affected by the changes in either the 
amount of ozone or the harvesting area and production. 

The time series of yearly average of surface ozone, yield of rice, CPL 
and percentage loss of rice due to ozone (CPL%) are shown in Fig. 7. All 
India yearly average daytime surface ozone (Fig. 7 top) increases from 
46 to 50 ppbv for the study period, although there is a small decrease of 
ozone in the years 2007, 2010, 2013 and 2020. The average yield also 

shows an increase from 2005 to 2020, except in the drought years of 
2009 and 2014–2015. According to Mishra et al. (2020), concurrent hot 
and dry monsoon of recent decades occurred in the years 2009, 2014 
and 2015. Furthermore, 2009 was a flash drought year and that was 
widespread in India, particularly in the central, northeastern and 
Himalaya regions. In addition, ozone concentration was also higher in 
those years. Note that the yield of rice during the COVID-19 lockdown 
period (2019–2020) has further increased, and these might have 
contributed by the overall reduction in surface ozone. Since tropo-
spheric ozone is a secondary air pollutant, its formation depends on the 
precursor concentrations, which are region specific (e.g. Gopikrishnan 
et al., 2022). Therefore, the increase or decrease cannot be generalised 
with all India ozone average. The annual average yield of rice varies 

Fig. 5. Monthly climatology of the daytime (08.00–20.00 h) average surface ozone mixing ratio (ppbv) using the TCR-2 data for the 2005–2020 period. The months 
are represented by their first three letters (e.g. JAN is January and DEC is December). 

Fig. 6. Climatology of AOT40 (ppb.h) during the kharif (from sowing in June–July to harvesting in November–December), rabi (from December–February to 
March–June) and pre-kharif (from May–August to September– October) seasons using the TCR-2 surface ozone data in India for the 2005–2020 period. Different rice 
producing regions in India are also marked. 
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from 1.5 to 2.6 t/ha. It has increased rapidly since 2009 as a result of 
advanced technology in agriculture (Kuttippurath and Kashyap, 2023), 
but production loss has also increased because of the rise in ozone 
pollution near the croplands. The CPL and CPL% of rice (Fig. 7 bottom) 
for each year estimated by AOT40 method shows 7.18–12.42 Mt. and 
7–9.5%, respectively, for the study period. The highest CPL% values are 
found in the years 2009 (9%), 2012 (8.8%) and 2015 (9.5%), which can 
be attributed to the higher ozone during the period. 

Fig. 8 shows the total rice production loss due to surface ozone in the 
five rice cultivating regions of India (2005–2020) for the kharif, rabi and 
pre-kharif seasons. Corresponding AOT40 values are given in Fig. S11. 
The production loss of kharif rice is higher in EA followed by NR, 
whereas that of rabi and pre-kharif rice are higher in EA and SR. Lal et al. 
(2017) also observed that the highest annual loss in rice due to ozone is 
in the eastern region. In kharif, NR is exposed to higher amount of 

AOT40 (>15,000 ppb.h) followed by EA (>5000 ppb.h except for 2006 
and 2007, Fig. S11). Rabi season AOT40 is higher in all regions, 
particularly in EA and NR, and pre-kharif and rabi AOT40 in SR and NE 
are also higher (8000–10,000 ppb.h) compared to that in kharif. 

Economic damage increases each year simultaneously with the CPL, 
except for some years (e.g. 2007, 2010, 2013 and 2020) that show 
slightly lower values of CPL than that of previous year due to small 
decline in ozone. Our analysis shows that the ozone-induced crop 
damage in India made an economic loss of $2.92 bn in 2020 alone. Our 
study estimates a nationwide total loss in rice production averaged for 
the study period as 9.57 Mt., which could have used to feed about 233 
million people in all those years. 

Fig. 7. Top. Temporal evolution of annual average daytime surface ozone (ppbv) and annual average yield of rice in tonnes/ha (t/ha). Bottom. Annual crop pro-
duction loss (CPL in million tonnes) and percentage loss (CPL%) of rice due to ozone exposure estimated using the AOT40 method for the period 2005–2020. Here, 
the rice yield and production data are taken from the Special Data Dissemination Standard-Directorate of Economics and Statistics (SDDS-DES, Ministry of Agri-
culture Government of India), and ozone data from the TCR-2 chemical reanalysis. The CPL and CPL% are calculated based on the AOT40 method. 

Fig. 8. Region-wise production loss due to surface ozone estimated using the TCR-2 ozone data and AOT40 method for the kharif (from sowing in June–July to 
harvesting in November–December), rabi (from December–February to March–June) and pre-kharif (from May–August to September– October) rice in India from 
2005 to 2020. Here, the regions are defined as, SR is Southern region, NR is Northern region, WE is Western region, EA is Eastern region and NE is North-
eastern region. 
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5. Limitations and future scope 

The yield response of rice to surface ozone concentration in this 
study is computed iusing the crop-specific ERF derived from the early 
OTC studies in North America and Europe. In those studies, the ambient 
or filtered air, that is nearly identical to field measurements, is treated 
with elevated ozone concentrations (Adams et al., 1985; Mills et al., 
2007). Here, the effects of all other variables on rice yield are expressed 
as the yield at zero ozone dose, and it still lacks a thorough analysis of 
the notable differences between the environmental conditions of OTC, 
where the experiments were conducted, and the actual natural condi-
tions in the surroundings. It neglects the influence of local weather and 
phenotypical and genotypical factors on regulating the response of crop 
to ozone. Therefore, these can contribute some uncertainty in the RYL 
estimation. According to recent studies, the RYL of rice obtained from 
ozone exposure experiments in Asia is higher than that derived from 
experiments carried out in North America and Europe. Additionally, the 
high-yielding hybrid rice varieties exhibit much higher RYL compared to 
the inbred varieties (e.g. Feng et al., 2022). In fact, different cultivars 
have varied response to ozone as reported by the Asian OTC studies (e.g. 
Sawada and Kohno, 2009; Yadav et al., 2020; Yadav et al., 2021). This 
could also introduce some uncertainty in the CPL estimates as ERF does 
not consider different rice breeds. Furthermore, the impact of ozone on 
plants depends on the stomatal conductance of leaves that control ozone 
absorption, besides the influence of ambient ozone concentration. 
Recent developments in the flux-based metric, Phytotoxic ozone dose 
over an hourly flux threshold of Y nmol/m2/s (PODy) consider the in-
fluence of biological and environmental factors on plant stomatal ozone 
absorption. The Deposition of Ozone for Stomatal Exchange (DO3SE) 
model provides stomatal conductance algorithm and flux-based 
parameterisations for computing YL in wheat and potato, and there-
fore, further research is needed in this direction for rice and other cul-
tivars. It is also important to consider the ozone exposure during various 
growth stages of the cultivar, including particular attention to the actual 
vegetative growth stages and the periods of seed germination and 
maturation. 

The accuracy of surface ozone measurements, particularly in the 
proximity to the crop canopy height, is necessary for assessing its 
sensitivity to plants. It depends on a number of factors, including its 
precursor emissions, variability in ozone between urban and rural lo-
cations, and the ratio of NOx to VOC. However, the number of ground- 
based instruments located in agricultural fields are insufficient for the 
estimation of RYL now. Although satellite measurements cover rural 
areas and have global coverage, most of these do not have hourly fre-
quency for the computation of exposure metrics. Among the ozone 
datasets, TCR-2 performs better, but more surface measurements with a 
wide network are necessary for accurate estimates of RYL. In addition, 
the agricultural land use map rather than the administrative boundaries 
might provide better estimates of the regional changes in CPL. 

6. Conclusions 

We conduct a long-term analysis of the reduction in Indian rice yield 
caused by surface ozone exposure. Based on the availability of ozone 
measurements, response functions and rice production data, loss in rice 
production at district level over the past 16 years (2005–2020) is 
calculated. Yield loss due to ozone depends on the ozone data, method, 
regions and seasons considered for the estimation. Among the ERA-5, 
CAMSRA and TCR-2 surface ozone datasets, the TCR-2 is found to be 
better for the estimation of CPL as revealed by the comparisons, 
including the IASI+GOME2 satellite multispectral data and ozonesonde 
measurements. Similarly, a thorough analysis of different ERFs is also 
performed and AOT40 method is found to be better suited for the CPL 
calculations. Using the TCR-2 surface ozone data and AOT40 method, 
the highest district-level production loss of ~0.9 Mt. per year is found in 
the major rice producing areas of IGP (Punjab, Haryana, UP, Bihar and 

West Bengal) and eastern coastal states (Orissa, Andhra Pradesh and 
Tamilnadu). In Punjab, most districts produce between 0.5 and 1.1 Mt. 
of rice annually. However, the crop is extremely susceptible to damage 
due to the higher daytime surface ozone of about 46–54 ppbv there. The 
remaining regions in IGP have daytime surface ozone of 44–58 ppbv 
during different seasons, but highest in summer (56–58 ppbv). The CPL 
induced by ozone pollution causes an ECL between $1.77 and $3.15 bn 
per annum, as estimated for recent decade (2010− 2020). This ECL is 
solely attributable to the CPL due to ozone, but there are several other 
costs associated with the entire cultivation process; starting with the 
actual preparation of the land to the harvest. The estimated ECL can be 
even higher, when the total cost for the entire processes is considered. In 
this context, it is necessary to mitigate air pollution for sustainable crop 
production and food security in India, and ozone pollution need to be 
regularly monitored to prepare for agriculture production and its 
management. 
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