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a b s t r a c t
Atmospheric carbon dioxide (CO2 ) is an important greenhouse gas (GHG) due to its
high contribution to global warming. The CO2 concentrations have increased significantly
across the world after the industrialization. The anthropogenic provenance to the concentration of CO2 needs immediate mitigative interventions. India is a global agricultural
powerhouse and significantly contributing to the global CO2 levels. Here, we present the
changes in CO2 concentrations between 2009 and 2020 in India with respect to agricultural activities. We also propose steps to reduce yield scaled soil emissions through
agricultural management. The CO2 concentrations in India show a steady increase of
about 2.42 ppm/year from 2009 to 2020. The Central India (CEI), Hilly (HIL) and IndoGangetic Plain (IGP) show a relatively higher increase of about 2.43 ppm/year during the
period. The highest CO2 concentration is observed during zaid (March to May) season,
whereas the lowest CO2 concentration is observed during kharif (June to September)
season. Anthropogenic activities such as the high use of fossil fuels and biomass burning
are the two factors that significantly affect concentrations and temporal trends of CO2
in India. A pilot-scale agricultural nutrient management experiment suggests that stable
carbon alternatives like biochar can reduce soil CO2 emissions without losing grain yield
in paddy. Therefore, our analyses provide a better understanding of the spatio-temporal
variations of CO2 over India during agricultural seasons in relation to biomass burning,
vegetation and anthropogenic activities. Furthermore, it suggests a policy implication for
enforcing sustainable measures to reduce CO2 emissions from agricultural activities in
India.
© 2022 The Author(s). Published by Elsevier B.V. This is an open access article under the CC
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction
Atmospheric CO2 is an important component of the global carbon cycle and also a major GHG. The global average
concentration of atmospheric CO2 has risen from 280 to 415 ppm (about 48%) post industrialization (Krishnapriya et al.,
2020; Buchwitz et al., 2018). India contributes nearly 7% (as per an analysis performed 2018) to global GHG emissions
(Olivier and Peters, 2019). The increase in atmospheric CO2 can be attributed to anthropogenic activities such as the
combustion of fossil fuels, forest degradation, edaphic factors and agriculture management practices. However, researchers
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are continuously trying and testing different alternatives to cut the carbon emissions of edaphic as well as anthropogenic
origin.
Significant spatial and temporal variability in atmospheric CO2 levels have been observed due to changes in the release
and exchange of carbon in ecosystems. Activities altering the carbon balance also trigger global warming (Ekwurzel et al.,
2017) and changes in the rainfall patterns (Kuttippurath et al., 2021), which have a snowballing impact on ecology,
economy and global climate (IPCC, 2018; Kuttippurath and Raj, 2021). The balance between natural processes of carbon
fixation and human activities, e.g., changes in agricultural land management practices, tillage and fertilization techniques,
significantly alters the carbon balance and thus, needs immediate intervention. Consequently, processes of natural carbon
balance in ecosystems have garnered public attention and studies have been done to identify primary atmospheric CO2
sources and sinks in the troposphere. Based on previous studies, sources of CO2 emissions can be broadly categorized into
two types: natural and anthropogenic. Natural sources include soil organic carbon (SOC) decomposition, ocean release and
basal respiration of organisms. Anthropogenic sources include industrial production, deforestation, burning of fossil fuels
and modern agricultural practices (Leung et al., 2014).
However, it would be interesting to mention that atmospheric CO2 is increasing at about half the rate of fossil fuel
emissions, implying that the remaining CO2 is either being fixed by terrestrial ecosystems or getting dissolved in the
seawater (Heinze et al., 2015). Yet, the conditions worsen due to land-use changes (mainly deforestation) and conventional
agricultural practices (i.e., fertilizer application). For instance, the application of chemical fertilizers leads to the release
of more carbon from soils as CO2 , which has also made the agricultural systems an important anthropogenic source
for atmospheric CO2 (Chai et al., 2019). It has also been reported that conventional organic fertilizers like compost and
farmyard manure increase the emission of CO2 from soil under high soil moisture conditions (Brenzinger et al., 2018).
Nevertheless, Case et al. (2014) has indicated that stable carbon alternatives like biochar can reduce the soil CO2 emissions,
but its feasibility under high soil moisture conditions needs close monitoring and thus demands further investigation.
Satellite observation is a reliable technique to monitor the changes of trace gases in the atmosphere. However, the
studies carried out over India in the last two decades demand keen analyses to understand the role of anthropogenic
sources and natural sinks of CO2 over India (Nayak et al., 2011; Preethi et al., 2011; Tiwari et al., 2011, 2013; Nalini
et al., 2018; Gupta et al., 2019). Ground-based observations of CO2 are of much importance in understanding the role
of anthropogenic sources like agricultural activities. Although, a few ground-based observations of atmospheric CO2 are
reported over the Himalaya and western India, but their observation period is very short (Anthwal et al., 2009; Sharma
et al., 2014; Mahesh et al., 2016). Traditionally, ambient CO2 concentration monitoring is usually based on observations
from ground stations spanning around the world. For instance, the global average monthly CO2 concentration above
400 ppm was measured in 2015 (March–May) at Mauna Loa (direct atmospheric CO2 measuring station), which also
holds the longest CO2 measurement record available (Dlugokencky and Tans, 2015). These atmospheric measurements
are accurate and thus capture even a small variation in atmospheric CO2 concentrations (Le Quere et al., 2009). However,
such field measurements are limited (Gurney et al., 2002; Boesch et al., 2011) and therefore, the alternative way is to use
satellite measurements.
Prasad et al. (2014) presented the annual and seasonal variation in CO2 concentration over India using GOSAT
(Greenhouse Gases Observing Satellite) data for two years (2009–2011) and compared it with SCIAMACHY (Scanning
Imaging Absorption Spectrometer for Atmospheric Chartography) CO2 data. Similarly, Gupta et al. (2019) presented the
seasonal and interannual variability of CO2 over India using nine years of AIRS data from 2003 to 2011. They reported
that the CO2 over India has been increasing at the rate of 2.01 ppm/year from 2003 to 2011. Therefore, we have studies
which indicate the shaping of spatial and temporal variability in CO2 concentration over India. However, there is a dearth
of studies explaining the variability originating from anthropogenic activities during agricultural seasons.
The role of soil respiration in the increase of CO2 concentration over India is important as most of the land use
in India is related to agricultural activities. We designed this study to observe the spatial and temporal variability in
CO2 concentration over India during the agricultural seasons. Here, we present the CO2 variation during the agriculture
management intensive and management non-intensive periods and the role of different fertilization techniques on soil
respiration in high moisture conditions. In addition, we also present the recent trends in CO2 over India using GOSAT
data from 2009 to 2020. Our results from a pilot experiment aimed at testing possible interventions in soil fertilization
strategies to cut the emissions originating from soil respiration. We have used paddy as a test crop in this experimental
study as it is an important cereal crop in India and staple food crop in Asia. The global rice production share of Asia
is about 90.6% for 1994–2019 (FAOSTAT, 2019). The rice predominantly releases methane (Singh et al., 2021), but the
direct seeding rice (DSR) cultivation and upland rice also contribute to atmospheric CO2 emissions (Neue, 1993). The
DSR cultivation techniques are gaining popularity in India as they require fewer resources than conventional practices
(Kaur and Singh, 2017). However, India, in its INDC (Intended Nationally Determined Contributions) to the UN Framework
Convention on Climate Change (UNFCCC) has pledged to cut the emission intensity of its GDP (Gross domestic product) by
33 to 35% over 2005 levels by 2030 (Dubash et al., 2018; Lakshmanan et al., 2017). The growing resource-demand escalated
the anthropogenic emissions of CO2 by fossil fuel combustion, deforestation, cement manufacture and contemporary
farming techniques. This study explores the enhancement of atmospheric CO2 over India owing to biospheric fluxes
like heterotrophic respiration and soil emissions. The long range transport through winds along with local CO2 emission
sources play a major role in deciding the spatio-temporal changes. However, such sources located over vast stretch of
croplands in India can be regulated through policy interventions in agricultural activities, such that the increasing rate of
atmospheric CO2 can be placed under control by cutting emissions at the source. Therefore, our study provides valuable
insights that would help in making policy level decisions.
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2. Material and methods
Carbon dioxide data
The CO2 data from GOSAT is used, which is a sun-synchronous polar orbit satellite placed at an altitude of about
666 km in January 2009. It is dedicated to measure atmospheric CO2 and methane (CH4 ) in the atmosphere of Earth
using TANSO-FTS (Thermal and Near Infrared Sensor for Carbon Observation-Fourier Transform Spectrometer) (Kuze et al.,
2009). It was developed under joint collaboration of Japan Aerospace Exploration Agency (JAXA), Ministry of Environment
(MOE) and National Institute for Environmental Studies (NIES) of Japan. The overpass time of GOSAT is 13:00 (local time)
every three days, and the diameter of the footprint in nadir is approximately 10 km. The TANSO-FTS detects reflected
sunlight in CO2 and CH4 absorption bands in shortwave infrared (SWIR) wavelengths between 0.758 and 2.08 µm. It has
a spectral resolution of 0.2 cm−1 and can retrieve ozone, water vapour and mid-tropospheric CO2 by measuring thermal
emission between 5.56 and 14.3 µm. Another sensor in GOSAT is TANSO-CAI (Cloud and Aerosol Imager), which is used to
screen cloudy pixels during the retrieval process (Morino et al., 2011). In general, the measurement of CO2 by GOSAT is in
accordance with other approaches of GHG monitoring that include ground-based, balloons, ships, tall towers and balloon
measurements (Inoue et al., 2013; Zhang et al., 2014). Here, we have used NIES full physics SWIR L3 (Level 3) version 02.81
dataset of GOSAT CO2 over India from 2009 to 2020. The SWIR L3 products are the estimated results of column-averaged
concentrations for one month on a global 2.5◦ by 2.5◦ grid, based on the column abundances of carbon dioxide (XCO2) of
the SWIR L2 products by the spatial statistical method, i.e., Kriging (Watanabe et al., 2015). The retrieved CO2 data have
been validated using CO2 observation at selected TCCON (Total Column Carbon Observation Network) measurements and
showed a bias and standard deviation of about −0.33 ppm and 2.17 ppm, respectively, for XCO2 (Morino et al., 2019).
Ancillary data
Normalized Difference Vegetation Index (NDVI) and Net primary productivity (NPP)
Normalized Difference Vegetation Index (NDVI) is the most widely used vegetation index and broadly indicates plant
photosynthetic activity and aboveground primary production (Chhabra and Gohel, 2019). It quantifies vegetation by
measuring the difference between near-infrared (which vegetation strongly reflects) and red light (which vegetation
absorbs). Its value varies from 0 (minimum) to 1 (maximum). Vigorous vegetation growth is denoted by the maximum
value of NDVI (Chhabra and Gohel, 2019). Changes in the vegetation activity are driven by multiple natural and
anthropogenic factors that can be reflected in satellite derived NDVI products. NPP is the net carbon gain by plants,
which is the balance between carbon gained by gross primary production (GPP – i.e., net photosynthesis measured
at the ecosystem scale) and carbon released by plant mitochondrial respiration, both expressed per unit land area. It
includes the new biomass produced by plants, the soluble organic compounds that diffuse or are secreted into the
environment (root or phytoplankton exudation), the carbon transfers to microbes that are symbiotically associated
with roots (e.g., mycorrhizae and nitrogen-fixing bacteria), and the volatile emissions that are lost from leaves to the
atmosphere (Clark et al., 2001). We have used Moderate Resolution Imaging Spectroradiometer (MODIS)-derived NDVI
and NPP data. The MOD13C2 Version 6 for NDVI and MOD17A3 for NPP. These are cloud-free spatial composites of the
gridded 16-day 1-kilometre data and are provided as a level-3 (L3) product projected on a 0.05◦ (5600-metre) geographic
Climate Modelling Grid (CMG).
Open-Source Data Inventory for Anthropogenic CO2 (ODIAC)
Open-Source Data Inventory for Anthropogenic CO2 (ODIAC) effectively quantifies CO2 emissions from the anthropogenic activities during a month in the atmosphere (unit: g CO2 /m2 /d). It includes emissions from cement manufacturing,
thermal power generation and fossil fuels (Oda and Maksyutov, 2011).
Global Fire Emissions Database (GFEDv4.1s) and other datasets
Global Fire Emissions Database (GFEDv4.1s) quantifies aerosol and trace gas emissions due to biomass burning (BB).
CO2 emissions during the BB (unit: g CO2 /m2 /month) activities are estimated by using biogeochemical model-simulated
fuel loads, land-cover based emission factors, moisture-regulated combustion factors and satellite-retrieved burned area
data (Van Der Werf et al., 2017). We calculated the monthly fire CO2 emissions from various types of biomasses burning
from 2009 to 2020. The agriculture land use (ALU) CO2 emissions, Net stock change (C) over cropland organic soils and
mineral fertilizer data between 2009 and 2020 are obtained from FAOSTAT (Food and Agriculture Organization Corporate
Statistical Database). The electricity consumption for agriculture purposes, the total number of power tillers and tractors
sold data are taken from the State of Indian Agriculture 2017–18 report. The total cropped area and share of the total power
data are obtained from the IndiaAgristat data portal. The net ecosystem exchange (NEE) is a measure of the net exchange
of C (Carbon) between an ecosystem and atmosphere (per unit ground area), and is the primary gauge of ecosystem C
sink strength (Kramer et al., 2002). A Data-driven Upscale Product of NEE version 2020.2 is used in this study. The spatial
and temporal resolutions of the data are 0.1◦ × 0.1◦ and 10 days, respectively (Zeng et al., 2020).
The HYSPLIT trajectory model
The Hybrid Single-Particle Lagrangian Integrated Trajectory (HySPLIT) model was employed to estimate air mass
transport to determine their origin and source–receptor relationships (Stein et al., 2015). We computed a 7-day backtrajectory starting six different points in all six regions (NEI, IGP, HIL, NWI, PI and CEN)/agrarian zones of India
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Fig. 1. The experimental setup showing loading of soil samples in respiration jars (A), incubation chamber at 25 ◦ C temperature with sealed soil
respiration setup (B) and glass house setup with paddy crop(C).

identified to find source and receptor. Horizontal and vertical wind components, geopotential height, temperature,
and relative humidity in 3-dimension, and pressure, temperature, precipitation, horizontal momentum flux, horizontal
wind components, sensible and latent heat fluxes, radiation fluxes at the surface are considered for the back trajectory
calculations (Jin et al., 2021). Trajectories are grouped through multivariate cluster analysis using the angle distance
(Sirois and Bottenheim, 1995), defined using the law of cosines to identify the main flow and source region, and quantify
its contribution. The air mass transport is calculated using different vertical level data from the Global Data Assimilation
System (GODAS; Behringer and Xue, 2004).
Experimental design and setup
We tested the effect of different fertilizer application strategies involving sole and integrated applications of biochar
vis-à-vis compost on basal soil respiration through a two-year controlled environment greenhouse study conducted in a
completely randomized experimental design. The nutrient management treatments comprised different doses of biochar
and compost with and without mineral fertilizers as different nutrient management strategies in paddy cultivation (see
Table 1). The treatments are replicated six times and the results are analysed using one way ANOVA. The experimental
soil belongs to Vertisol order of U.S. soil Taxonomy and is filled in 1300 cm3 pots, which were planted with two rice
plants per pot (Fig. 1). The required crop management is done during rice plant crop growth phase following the methods
by Nayak et al. (2019). The nutrients N (nitrogen), P (phosphorus) and K (potassium) are supplied in the form of Urea,
single superphosphate (SSP) and muriate of potash (MOP), respectively. The mineral fertilizers are applied as concentrated
solution evenly in pots, the day before planting, while biofertilizers (organic fertilizers) are mixed thoroughly in the topsoil
(5 cm). All the mineral fertilizers are applied basal as of their full dose except mineral N, which is applied 50% basal and
50% at the panicle development stage. The soil from each pot at different growth stages of paddy (i.e., Active tillering
(AT), Panicle initiation (PI), and maturity (Harvesting stage) is collected using a core sampler and analysed for the CO2
emission originating from the heterotrophic soil respiration for different fertilizer regimes in paddy. After the estimation
of emissions, the soil was returned to its original position in the respective pots. We used the basal trap method using
NaOH (2.0 M) in air-tight sealed soil respiration jars with NaOH blanks (control) and treatment samples to calculate CO2
flux as explained in Haney et al. (2002). The setup is incubated at 25◦ C for 24 h to capture the CO2 produced using NaOH
and BaCl2 , which was back-titrated with 1 M HCl with phenolphthalein as an indicator to determine the amount of CO2
evolved using equation (Schinner et al., 1995):
Treatment carbon dioxide emission =

(V − S ) × 2.2 × 102
Soil weight(%dm)
4

Nutrient management treatments

Nutrient
management
treatments
abbreviation

Urea

Single super
phosphate

Muriate of
potash

(g)

(g)

(g)

(g)

(g)

(g)

(g/hill)

T1
T2

Control without any fertilizer application
NPK¥ at recommended dose (farmer’s
practice)
Soil-test based NPK + deficient
micronutrients (STB)
Sole biochar application (@100% N
equivalence)
Sole compost application (@100% N
equivalence)
Low-dose biochar based INM¶
(75% STB + Biochar @25% N equivalence)
Low-dose compost based INM
(75% STB + Compost @25% N
equivalence)
High-dose biochar based INM
(50% STB + Biochar @50% N equivalence)
High-dose compost based INM
(50% STB + Compost @50% N
equivalence)

Con
CF-REC

–
1.50

–
2.00

–
0.65

–
–

–
–

–
–

4.61 ± 0.4a
23.581 ± 1.2d

CF-STB

1.72

2.50

0.50

0.47

–

–

30.191 ± 1.0f

BC100

–

–

–

–

–

76.36

17.801 ± 0.3b

CO100

–

–

–

–

76.36

–

21.691 ± 1.4c

CF75 + BC25

1.29

1.87

0.37

0.35

–

19.00

37.651 ± 0.3g

CF75 + CO25

1.29

1.87

0.37

0.35

19.00

–

27.961 ± 0.5e

CF50 + BC50

0.86

1.25

0.25

0.23

–

38.18

28.281 ± 1.6e

CF50 + CO50

0.86

1.25

0.25

0.23

38.18

–

23.351 ± 1.0cd

T3
T4
5

T5
T6
T7

T8
T9

Zinc sulphate

Compost

Biochar

Grain yield

Note: NPK¥ means Nitrogen (N), Phosphorus (P2O5), and Potassium (K2O); INM¶ means Integrated nutrient management; Different alphabets in particular column superscripts represent significant
difference amongst treatment.
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Details of Experimental treatments formulated based on different fertilizer components and soil amendments. The details of grain yield are expressed as mean ± sd.
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Where V is the mean volume of HCl consumed by controls, S is the mean volume of HCl consumed by samples, dm is dry
matter, and 2.2 is the conversion factor for 0.1 M HCl to CO2 .
3. Results and discussion
3.1. Seasonal variability in atmospheric CO2
Fig. 2 shows the monthly variation of atmospheric CO2 concentrations averaged for the study period (i.e., 2009–
2020) over India. Although the seasonality in atmospheric CO2 is mainly influenced by the transport processes (viz.
Convection, Advection and Diffusion), as explained in Krishnapriya et al. (2020), the variations near-surface have strong
source correlations (Shusterman et al., 2018). Since India has diverse topographical features, the vegetation scenarios also
differ from one region to the other. Therefore, to study the seasonal changes in CO2 concentration, we have conceptually
divided India into six different regions, as shown in Figure S1. We analyse the variation in CO2 concentration during the
three agricultural seasons, namely kharif (June to September), rabi (October to February) and zaid (March to May) from
2009 to 2020 over India (Fig. 2) and compare it with NDVI and NEE. The NDVI represents aboveground primary production
and thus, effectively detects the changes in productivity of the terrestrial ecosystem (Chhabra and Gohel, 2019). The NEE
is a measure of the net exchange of C between an ecosystem and the atmosphere (per unit ground area) and is a primary
gauge of ecosystem C sink strength (Kramer et al., 2002). Our analyses reveal that the CO2 concentration is lowest in India
during the agricultural kharif season. It increases in rabi and reaches the maximum value in the zaid season in India.
In general, CO2 concentration shows a gradual increase from January to May. A concentration of about 398 ppm is
observed in January, which increases to 400 ppm by March and the peak concentration of about 402 ppm is found in
May. The highest concentration in May can be partly explained on the basis of convection and planetary boundary layer
height (Gupta et al., 2019). However, the concentration decreases in June and July due to the horizontal transport of
CO2 depleted air parcels from the oceanic regions to India by southwest monsoon winds, and it again increases slightly
in August (Fig. 2). For instance, to examine the air mass transport to the Indian land regions, we selected 6 points in
6 regions and computed the back-trajectories for the agricultural seasons. It shows that the air mass is coming from
the oceanic region in Kharif season, about 50–80% in all regions, except in HIL where the air mass is transported from
the northern land regions. However, as vegetation plays a significant role in fixing atmospheric CO2 during agricultural
seasons (Chhabra and Gohel, 2019), an offset from the edaphic release of carbon through soil respiration and oxidation
of soil organic matter (SOM) decreases the impact. This has been discussed in Krishnapriya et al. (2020) using model
results, where the vertical diffusion causes negative input to net CO2 budget. India receives monsoon rainfall in kharif
season, which significantly affects the atmospheric CO2 concentrations and subsequently, the crop response alters the
carbon budget of the ecosystem. As per an estimate, the southwest monsoon brings in about 90% of rainfall in India
during the kharif season, when intensive agricultural activities occur throughout the country. The CO2 concentration
starts decreasing during this period and therefore, the lowest concentration is observed in the kharif (June to September)
season. This seasonal reduction in CO2 might also get affected from the meso-convective process, deposition of HCO3
(Iavorivska et al., 2016), along with enhanced photosynthetic fixation due to the increased soil moisture and vegetation
cover (Chhabra and Gohel, 2019; Gupta et al., 2019). Since there is high CO2 uptake by vegetation, we observe negative or
nearly zero NEE in most regions in this season. Furthermore, the presence of clouds during this season decreases the air
temperature, thereby reducing the leaf and soil respiration rate, which eventually increases the carbon uptake (Sreenivas
et al., 2016).
Furthermore, our analyses show that CO2 concentration reaches a minimum of 392 ppm in September and a gradual
increase from October to December in India. The reason for such large variability in atmospheric CO2 concentration is the
seasonal activities that alter the atmospheric carbon balance. For instance, the mainland of India experiences the northeast
monsoon winds in horizontal and vertical directions, causing upwelling of CO2 enriched air in this season; resulting in
net gain in the surface CO2 concentrations (Krishnapriya et al., 2020). This might be a reason for the gradual increase
in the CO2 concentration in the rabi (October to February) season. The seasonal increase in CO2 concentration with the
onset of the agricultural season might also find a relation with the land preparation activities before crops are sown,
which releases CO2 trapped in soil layers. However, due to this transition, the net photosynthesis from vegetation over
croplands is significantly reduced during the initial period of rabi season (Chhabra and Gohel, 2019). The rabi crops are
also called winter crops as they are cultivated between October and February, resulting in differential growth rates during
winter months (December to February). Therefore, strong respiration and weak photosynthesis take place during the early
crop growth stage, which contribute significantly to enhanced levels of CO2 concentration in the atmosphere. Apart from
these, the air mass is transported from the northwest land regions in this season at all regions, about 85%. However, the
peninsular India receive much of its air mass (95%) from the Bay of Bengal in this season, which makes the relatively
lower CO2 concentrations there.
Anthropogenic activities like irrigation through diesel pumps during the winter months consume large amounts of
fossil fuel energy, ensuring the release of CO2 into the atmosphere. In addition, there is no or little precipitation over
most regions of India during this period and rabi crops are cultivated depending on residual soil moisture. Therefore,
vegetation in this season is greatly reduced in most areas of India as observed with lower NDVI values during rabi season
compared to that in the kharif season, except for places like the Peninsular India (PI) region. As a result, CO2 uptake by
6
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Fig. 2. Seasonal distribution of atmospheric carbon dioxide concentration, NDVI and NEE averaged for the period 2009–2020 over Indian region:
Kharif (June to September), Rabi (October to February) and Zaid (March to May). Monthly variation of CO2 over India averaged between 2009 and
2020. The 7-day back trajectories at different points in different regions of India at a surface level during Kharif (June to September), Rabi (October
to February) and Zaid (March to May) are also shown. Only two trajectory points are shown in each illustration for clarity reasons.

plants is also reduced and thus, we observe higher NEE in the rabi season as compared to that in kharif. The eastern coast
regions receive rainfall during the northeast monsoon, resulting in major agricultural activities during these months. Rain
helps to wash out most of the atmospheric CO2 , causing the lowest CO2 concentration in the PI region during this season,
in addition to the low CO2 air transported from the Bay of Bengal during the season, as discussed before. Besides, during
the onset of kharif (June/July) and towards the end of rabi (January), the association of CO2 and NDVI is reversed as an
increase in one might offset the other (Gupta et al., 2019).
The highest CO2 concentration in the agricultural zaid season might be because of fallow croplands due to the
unavailability of farm irrigation facilities. This decreases vegetation cover, as reflected by the lower NDVI values in this
season. However, an increase in the land surface temperature might lead to loss of soil moisture, causing the release of
trapped CO2 in soils due to accelerated decomposition of SOM. In addition, our trajectory analysis show that the air parcels
carrying atmospheric CO2 mostly traverses large land area (Fig. 2) before reaching to each region as described in this
study (Figure S1). The atmospheric circulation therefore builds a strong concentration of CO2 over the identified regions
in India. For instance, the air mass is travelled through the land regions, about 70–80% of air mass there. Nevertheless,
7
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Fig. 3. The monthly distribution of biomass burning emission (GFEDv4.1s) inventory and CO2 concentration at different regions of India [Indo-Gangetic
Plains (IGP), Peninsular India (PI), North-West (NWI), Central India (CEI), North-East India (NEI) and Hilly (HIL), as illustrated in Figure S1]. The data
are averaged from 2009 to 2020.

the PI and NEI receives air masses also from the oceanic regions and is the reason for the relatively lower CO2 in those
regions. Although, vegetation acts as a carbon sink, its strength decreases with a reduction in cropping during the zaid
season, which further promotes such high concentration. Henceforth, positive NEE is observed due to decrease in the
CO2 uptake by vegetation and this indicates that the ecosystem was a source of CO2 during this season. Our inferences
find support from earlier findings indicating that high daytime temperature during April–May (dry season) creates a
tendency for the ecosystem to become a moderate source of carbon exchange (Patra et al., 2013). Nevertheless, despite
moderate temperature and the largest forest cover, NEI shows the highest CO2 concentration of 402 ppm compared to
other regions of India. This might be due to incidences of forest fires during the dry season in NEI (Kuttippurath et al.,
2020). Furthermore, the low wind speed during the zaid season (MAM) causes weak mixing in the atmospheric boundary
layer, contributing to a higher CO2 concentration over India (Sharma et al., 2012). In contrast, PI shows the lowest CO2
concentration of 399 ppm in the zaid season.
The spatial distribution of atmospheric CO2 concentration over India, nevertheless, shows a consistent pattern in all
seasons. In India, the HIL and NEI regions have the highest concentration of atmospheric CO2 in all seasons. In contrast, the
lowest CO2 concentration is present over PI in all four seasons. The shifting cultivation is still practised in the North-East
India and thus, higher CO2 concentration is observed in those regions (Pasha et al., 2020). Shifting cultivation involves
clearing the primary or secondary forest through the slash and burn process and the crop cultivation thereafter, for 1–
3 years, followed by a fallow phase, during which cultivation is suspended to allow recovery of soil fertility (Bhuyan,
2019). Biomass burning results in increased atmospheric CO2 emissions (Yang and Zhao, 2018; Shi et al., 2017). Here, we
have used biomass burning emission inventory (GFEDv4.1s) to identify the major biomass burning activities occurring
in different regions of India (Fig. 3). Significant fire events can be observed in NEI, IGP and PI regions from February to
May. Additionally, the highest CO2 emissions from biomass burning are observed during zaid, contributing to the highest
concentration of CO2 during that season (March to May). However, it can be noted that IGP shows a double peak in
CO2 emissions occurring from crop residue burning in its annual cropping cycle corresponding to the two major harvest
seasons, i.e., kharif and rabi (Kuttippurath et al., 2020; Venkataraman et al., 2006). Similarly, the peaks appearing in
February–March in the PI region are consistent with the major harvest season there. The largest amount of CO2 emission
from biomass burning over NEI in March might be due to the practice of shifting cultivation (i.e., a particular method of
farming). Therefore, agricultural activities play a crucial role in determining the spatial and temporal variations of CO2
concentration over India, which is also influenced by the lighter and finer operations carried out in the soil, between
sowing and harvesting (intercultural operations/activities) during the growing season.
3.2. Agro management mediated variations in carbon dioxide
We have used NDVI, NPP and NEE as proxy to examine spatial and temporal changes in the terrestrial ecosystem
productivity directly influenced by atmospheric CO2 (Clark et al., 2001; Kramer et al., 2002). The agricultural activities in
India are releasing a large amount of carbon into the atmosphere, which influences these proxies over time. Therefore, to
determine the role of intercultural activities on atmospheric CO2 and to visualize associated changes in NDVI and NPP, we
present this agro-management (semi-annual) analysis of CO2 concentration over India for the period 2009–2020 (Fig. 4).
We divide the whole year into two periods based on the agricultural management practices: management intensive
period (July–December) and management non-intensive period (January–June). The seasonal changes in NEE were strongly
8
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Fig. 4. Agro management (semi-annual) distribution of atmospheric carbon dioxide, NDVI (Normalized Difference Vegetation Index) and NPP (Net
Primary Productivity, 2009–2016) in India from 2009 to 2020. Net stock change (C) over cropland organic soils from 2009 to 2019 in India.

regulated by soil moisture. Therefore, we present the NEE with the soil moisture and land surface temperature (Figure
S2) for management intensive period and management non-intensive period in India. The period from January to June
generally does not experience any opening of soil at mass scale through tillage except summer ploughing at some places.
However, the period from July to December witnesses the opening up of soil several times during sowing and intercultural
operations for the major agricultural seasons of rabi and kharif. Apart from this, the soil moisture is quite high during the
management intensive period, and the land surface temperature is low (Singh et al., 2021). These conditions provide the
opportunity for methanogenesis rather than the oxidation of soil organic carbon (SOC) stock. However, our analysis shows
9
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Fig. 5. The Inter-annual variations of GOSAT carbon dioxide and ODIAC CO2 emissions at different regions of India [Indo-Gangetic Plains (IGP),
Peninsular India (PI), North-West (NWI), Central India (CEI), North-East India (NEI) and Hilly (HIL), as illustrated in Figure S1] from 2009 to 2020.

that even organically managed soils are showing an overall decrease in the net stock of carbon (Fig. 4) between 2009 and
2019, which suggests the loss of SOC in the last decade.
The management non-intensive period shows a higher concentration of CO2 than the management intensive period,
which might be attributed to the higher land surface temperature and low soil moisture promoting the oxidation of SOC.
This is interesting as it also highlights the role of crop cover over arable lands that fixes atmospheric CO2 . During this
period, most agricultural lands remain fallow due to the unavailability of water for irrigation, so the vegetation cover is
reduced to a greater extent and hence, the CO2 uptake is also decreased. Therefore, positive NEE is observed and this
indicates that the ecosystem was a source of CO2 in this dry period between January and June (Table S1). However,
it has also been found that the agricultural land gets exposed to soil erosion due to the unavailability of vegetation
cover. The accelerated soil erosion has been identified as a source of GHG emissions (Lal, 2019) to the atmosphere.
Lal and Pimentel (2008) have reported that soil erosion has a negative impact on carbon sequestration, constituting a
source of atmospheric CO2 . Furthermore, they state that soil erosion increases CO2 emissions due to decrease in NPP on
eroded soil and a relatively high decomposition of SOC in buried sediments. In the early months of the non-intensive
period (January–February), the lower temperature inhibits the microorganism activity that hinders the decomposition
process. However, the temperature starts increasing in the latter half of this period (March to May), which enhances the
microorganism activity promoting the decomposition and CO2 release, as shown by the high CO2 concentration during the
zaid season in our analyses (Fig. 2). Conversely, during the management intensive period, most agricultural land undergoes
cultivation. Temperature, precipitation, soil moisture and light hours are optimum for attaining the required thermal
units for vegetation growth and this enhances the photosynthesis in this period. During photosynthesis, plants uptake a
considerable amount of CO2 from the atmosphere (Daniel, 2010). Thus, high CO2 uptake by vegetation during management
intensive period. We observe negative or nearly zero NEE in most of the Indian regions and shows higher values of NDVI
and NPP due to the extensive vegetation cover over the arable lands in this period. Therefore, terrestrial vegetation is a
strong driver in controlling the CO2 concentration in the atmosphere than intercultural activities.
3.3. Inter-annual variations in atmospheric carbon dioxide
Our analyses show a significant increase in CO2 from 384 ppm in 2009 to 411 ppm in 2020 (Fig. 5) over India.
Emissions from human activities are one of the major contributors to this increase in CO2 levels in the atmosphere (Oda
and Maksyutov, 2011). Therefore, to quantify the CO2 emissions due to anthropogenic activities, we have analysed the
ODIAC (Open-Data Inventory for Anthropogenic Carbon dioxide) CO2 data over India from 2009 to 2019 (Fig. 5). Note that
this inventory is based only on the anthropogenic CO2 . The ODIAC CO2 emissions show a consistent increase between
2009 and 2019 throughout India; confirming that anthropogenic activities are one of the key drivers of the increase in
atmospheric CO2 from 2009 to 2020 in India. Additionally, the land-use changes may directly influence the global carbon
10
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Fig. 6. The GOSAT CO2 trends estimated from measurements of seasonal and annual average over India from 2009 to 2020 (yr = year). All the
trends are statistically significant at 95% CI. Inter-annual distribution of Electricity Consumption for Agriculture purposes (104 GWH), Total Cropped
Area (107 ha), Tractors Sold (104 numbers) and Power Tillers sold (103 numbers) from 2005 to 2013 in India. The correlation coefficient between
atmospheric CO2 and its drivers over India.

budget and trends in atmospheric CO2 . After the industrialization in 1850, enhanced anthropogenic activities and changes
in land-use patterns led to the degradation of soil and huge emission of CO2 into the atmosphere (Smith et al., 2007). The
CO2 emissions from agriculture land use (ALU) in India increased from 2009 to 2017 (Figure S3). Furthermore, the trend
analysis for the annual CO2 concentration shows a significant increase of about 2.42 ppm/year between 2009 and 2020
(Fig. 6). The CEI, IGP, HIL and North-West (NWI) regions show a significant increase of about 2.44, 2.43, 2.43 and 2.41
ppm/year, respectively, in their annual CO2 concentrations between 2009 and 2020.
The consumption of petroleum products increased by about 4.7% CAGR (Compound annual growth rate) in India
between 2010 and 2019 (Source: Indian petroleum & natural gas statistics 2019–20), which correlates with the rise in
demand for tractors and power tillers for agricultural activities. The share of tractors in the total farm power has increased
substantially as the sale of tractors and power tillers has increased about 6% (CAGR) over the period 2005–2017 (Source:
State of Indian Agriculture 2017–18). There is a significant increase in CO2 emissions from different sectors of India in
2009–2018, as observed in EDGAR analyses (Table S2). Approximately 65% increase in CO2 emissions from the transport
sector in India between 2009 and 2018. Additionally, India ranks second in the world for coal consumption. There is a
continuous increase in coal consumption between 2008 and 2017, and can be attributed to the increased dependence of
11
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Fig. 7. Basal soil respiration. The basal soil respiration as affected by different nutrient management treatments in paddy soil in year 2019–2020 at
Active tillering (AT), Panicle initiation (PI) and Harvest (HA) growth stages of rice plant grown in controlled environment experiment. *LSD represents
Fisher’s Least Significant Difference (p = 0.05) among the treatments indicated by different colour bars.

farming on electricity (e.g., for irrigation), which results in more demand for power from thermal power plants (Source:
Census and Economic Information Center data). In India, the total cropped area has increased between 2005 and 2015
leading to an increase in the total farm power availability from 1.50 kW/ha in 2005 to 1.94 kW/ha in 2012 (Figure S4).
The share of electric motor is also increasing, due to which the electricity consumption in agriculture has grown at 5.63%
(CAGR) from 2009 to 2018 (Source: State of Indian Agriculture 2017–18). As per EDGAR data the electricity and heat
production emitting around 54% more CO2 into the atmosphere in 2018 as compared to 2009.
The total energy consumption in India has also increased by about 50% during the last decade, making it the fifth largest
energy consumer globally by using about 4.4% of the world’s total energy (Source: US Energy Information Administration
data). Apart from these, India is the second largest cement producer in the world and accounted for over 8% of the global
installed capacity as of 2019. This also suggests the demand for building farm infrastructures and storage facilities for
maintaining the cold chain to market. The cement production in India has increased from 186 MMT in FY (Financial
Year) 2009 to 337 MMT in FY 2019 (Source: Indiastat.com). There is around 36% increase in CO2 emissions from cement
production in India between 2009 and 2018. Therefore, all these factors are responsible for the increasing trends of CO2
concentration in India during the past decades.
3.4. Soil respiration and paddy crop yield as affected by different nutrient management strategies
The terrestrial exchange of carbon plays a vital role in regulating the global carbon cycle in the biosphere (Barichivich
et al., 2013; Forkel et al., 2016; Graven et al., 2013). The CO2 concentration in the atmosphere is strongly influenced by
soil respiration and vegetation cover. Soil respiration acts as a key process in the total carbon flow to the atmosphere
thus, influencing global carbon cycle and is primarily regulated by microbial activity (Schlesinger and Andrews, 2000).
Therefore, modification of soil respiration may alter atmospheric CO2 concentration at a global scale (Schlesinger and
Andrews, 2000). Furthermore, soil respiration (which is the CO2 produced by the biological activity of soil organisms), is
the major flux within the global carbon cycle, emitting about ten times more CO2 to the atmosphere annually than fossil
fuel combustion (Bond-Lamberty and Thomson, 2010).
Basal soil respiration indicates microbial mineralization of soil organic matter (SOM) stock leading to output of CO2
from soil, which is strongly related to the types and amount of carbon input to soil (Zhang et al., 2019). Stable carbon
inputs like sole biochar application (BC100) reduced the soil respiration in both the years (Table 1). However, the reduction
in soil respiration was comparatively higher in 2020 than that in 2019 (Fig. 7). However, the integrated application of
biochar with chemical fertilizers (CF75+BC25 and CF50+BC 50) did not change significantly in both years. The highest
soil respiration in all the nutrient management treatments was observed during the panicle initiation stage of paddy in
both years, which can be attributed to the role of root exudates promoting microbial oxidation of soil carbon (Canarini
12
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et al., 2019; Zhang et al., 2019). However, resistant carbon alternatives like compost application (CO100) lead to increased
soil respiration during panicle initiation in 2020 compared to that in 2019, which might be due to the residual effect of
compost application in paddy crops. The highest (7.4–8.6 µg-CO2/g-soil/hr) carbon emission is observed with chemical
fertilizer application to paddy soil, as they serve as a readily available source of nitrogen in microbial metabolism.
However, chemical fertilizers when applied in an integrated manner (INM) with compost (CF75+CO25 and CF50+CO50)
or biochar (CF75+BC25 and CF50+BC50) reduced the soil respiration than the sole application of compost or chemical
fertilizer, but it emitted more CO2 than that by sole biochar application (BC100).
Our results agree with Wei et al. (2021), who reported decreased soil respiration with biochar application. We observe
that increasing doses of biochar (e.g., CF75+BC25, CF50+BC50 and BC100) reduce the soil respiration progressively and
is evident in all three growth stages of rice in both years. The reduction in microbe-mediated soil respiration can be
attributed to the immobilization of organic acids and messenger molecules required in bacterial quorum sensing with
increasing doses of biochar (Gao et al., 2016; Zhong et al., 2020). However, the results for soil respiration in the case of
compost application were just the opposite of biochar, which showed the highest emission (5.5–8.09 µg-CO2 /g-soil/hr)
with maximum dose (CO100). Therefore, results of our analyses indicate that biochar can be a better substitute of compost
in the nutrient management strategies of paddy with lower soil respiration. However, our results for grain yield per hill of
paddy were highest (37.65 g hill−1 ) in low dose biochar-based INM treatment (Table 1); indicating better nutrient uptake
in the low dose biochar treatment. Henceforth, findings indicate that biochar fertilizer in low doses can be a beneficial
strategy in the sustainable yield improvement of paddy. The improved yield indirectly lowers the burden on environment
through reduced yield scaled CO2 emissions (i.e., CO2 per kg grain produced), while addition of biochar as a stable carbon
source to soil acts as a direct abatement to atmospheric CO2 . The fixed atmospheric CO2 as biochar in stable heterocyclic
aromatic forms remains in soil for millennia (Abbhishek et al., 2021). Our findings with this pilot scale study further
indicates that the addition of biochar as a nutrient carrier to the prominent rice based cropping systems thus can have
significant effect on net removal of CO2 from ecosystem.
4. Conclusion
Atmospheric CO2 shows significant changes in different agricultural seasons in India. Zaid season shows the highest
concentration, whereas the lowest concentration in the kharif season. Atmospheric CO2 concentrations over India are
mainly controlled by vegetation, which acts as a strong sink for atmospheric CO2 through photosynthesis. The highest
CO2 concentration is observed during the zaid season owing to the lack of vegetation and strong convection. In addition,
the dry season combined with high daytime temperature during April–May create a tendency for the ecosystem to become
a moderate source of carbon exchange. The lowest CO2 concentration observed in the kharif season is because of the heavy
rainfall and high vegetation cover during these months. However, in the rabi season the CO2 concentration rises gradually
as the soil moisture recedes slowly, and plants are also in slow growing stage. As a result, respiration takes over the
weak photosynthesis, contributing to increasing levels of CO2 concentration in the atmosphere. Our agro-management
analyses indicate that the management non-intensive period (January to June) is the least productive period in terms
of NPP in India. As a result, higher CO2 concentration is observed during this period. The atmospheric CO2 showed an
increasing trend of 2.42 ppm/year over India in 2009–2020. Anthropogenic activities such as biomass burning, coal, fossil
fuels and energy consumption also contribute significantly to this increasing trend of CO2 emissions. Our trajectory
analysis show that the long-range transport along with local sources are also responsible for the high CO2 in India.
We also find that the edaphic CO2 emissions mediated by soil microbes can be significantly reduced by using stable
carbon like biochar in place of resistant carbon (e.g., compost) in nutrient management practices of paddy. Our analyses
can give a means to better comprehend the spatiotemporal changes in CO2 concentration over India originating from
the agricultural activities such as biomass burning and agricultural management. Furthermore, our study highlights the
important drivers of increasing trends in atmospheric CO2 over India, e.g., vegetation and human activities. This could
also have an enlightening influence on policy interventions aimed to curb the increase of CO2 concentration over India.
However, this study determined the relative contributions of the primary determining variables of CO2 qualitatively,
without quantifying the specific contributions of each factor. Therefore, a later study would focus on quantitatively
attributing the effects of these components, including air transport as well as atmospheric dynamics at various scales.
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