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Abstract. The OCO-2 and GOSAT series of satellites provide near-global coverage of CO2 and CH4 mixing ratios. To 15 

accurately derive emission fluxes from the observed mixing ratios, it is crucial that these data meet specific precision and 16 

systematic error requirements. In this study, we report validation results for GOSAT and OCO-2 over South Asia, ob-17 

tained using a portable Fourier Transform infrared Spectrometer (FTS) at a tropical rural site (Gadanki; Latitude: 13.45° 18 

N, Longitude: 79.18° E) in Southern India, from November 2015 to July 2016. Biases in CH4 mixing ratios from GOSAT 19 

ranged from -9 to -18.5 ppb, depending on the collocation criteria, while CO2 data from OCO-2 demonstrated better 20 

accuracy and precision, meeting the requirements of ESA’s Climate Change Initiative (CCI). Using the FLEXPART 21 

model, we also show that CH4 emissions from regional sources accounted for only 35% of the day-to-day observed vari-22 

ability. Both model-derived and observed mixing ratios exhibited the same seasonal variation, with higher values in Oc-23 

tober-November and lower values in June-July. However, the observed mixing ratios decreased by approximately 100 24 

ppb, while the model-derived values decreased by only 20 ppb, suggesting that atmospheric chemistry and variations in 25 

background concentrations play a significant role over South India.  26 

Satellite observations of column-averaged carbon dioxide (XCO₂) and methane (XCH₄) mixing-ratios provide essential 27 

data for monitoring greenhouse gas emissions. However, the accuracy of emission estimates depends on the precision and 28 

bias of satellite retrievals, which require validation against ground-based reference measurements. This study presents a 29 

systematic validation of XCO₂ and XCH₄ data from GOSAT and OCO-2 satellites over South India using ground-based 30 

Fourier Transform Spectrometer (FTS) observations at Gadanki (13.5°N, 79.2°E) collected during October 2015 to July 31 

2016. Satellite products from National Institute for Environmental Studies, Japan (NIES), NASA’s Atmospheric CO2 32 

Observations from Space (ACOS) project, USA (ACOS), and the University of Leicester, UK (UoL) were evaluated 33 

using a three-step spatial-temporal pairing method. Results show that the UoL’s proxy XCH₄ product meets the European 34 

Space Agency’s Climate Change Initiative (ESA CCI) bias requirement (<10 ppb) across all spatial windows, while the 35 

NIES XCH₄ product meets the requirement only for intermediate spatial scales. For XCO₂, NASA ACOS and OCO-2 36 

products meet the CCI bias requirement (<0.5 ppm), while NIES XCO₂ exceeds this threshold. All products satisfy the 37 

precision requirement (<8 ppm) with substantial margins. Additionally, FLEXPART model simulations using regional 38 

emission inventories revealed that agricultural activities dominate seasonal methane enhancements, contributing about 39 

55%, followed by waste and wetland emissions. The model captured seasonal trends but underestimated the amplitude of 40 

observed variations, highlighting the influence of changing background methane levels. These findings demonstrate the 41 
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suitability of recent satellite products for regional greenhouse gas monitoring and emphasize the need for expanding 42 

ground-based FTS networks across South Asia to support improved emission assessments. 43 

1 Introduction 44 

Carbon dioxide (CO2) and methane (CH4) are the two top most important greenhouse gases (GHGs) responsible for 45 

anthropogenic global warming. While the role of CH4 in global warming is of primary interest, CH4 also plays an im-46 

portant role in atmospheric chemistry by affecting OH amount, ozone production in remote areas and water (production) 47 

in the stratosphere (Fiore et al., 2002; Fleming et al., 2015; Laughner et al., 2021; Noel et al., 2018). Both CO2 and CH4 48 

abundances in the atmosphere are on continuous rise post-industrial era (Dunn et al., 2022; Turner et al., 2022) and hence 49 

a continuous global monitoring of carbon dioxide and methane is highly desirable for identifying sources, sinks, trends 50 

and effective implementation of global treaties on reduction of greenhouse gases by individual countries. Satellites due 51 

to their continuously improving data products, have come to be recognized as important tool in recent decade for moni-52 

toring and studying greenhouse gases. Satellites such as GOSAT (Greenhouse gases Observing SATellite) and OCO-2 53 

(Orbiting Carbon Observatory-2) capture scattered solar radiation in the near infrared spectral region and provide colum-54 

nar mixing ratios. GOSAT and OCO-2 are providing global coverage every 3 days and 15 16 days respectively (Table 1). 55 

Table 1. Launch date, equator crossing time, revisit time for global coverage and sensor technology of satellites, the data of 56 
which are used in the study. 57 

Name of satel-

lite/sensor 

Agency re-

sponsible for 

launch / 

maintenance 

Launch 

Date 

Equator 

crossing 

time 

Satellite 

revisit 

time on 

same loca-

tion 

Greenhouse Gas re-

lated Data products 

Principle of 

measurement 

GOSAT aka Ibuki JAXA, Japan / 

NIES, Japan 

23 January 

2009 

13:00 3 days Columnar CO2 

Columnar CH4 

CO2 profile 

CH4 profile 

Fourier Trans-

form Spectrome-

ter 

OCO-2 (Orbiting 

Carbon Observatory 

- 2) 

JPL, USA July 2014 13:35 16 days Columnar CO2 Diffraction grat-

ing Spectrometer 

Satellite based estimates of greenhouse and trace gases have proved effective for deriving the emission fluxes (Berga-58 

maschi et al., 2007, 2009; Bousquet et al., 2010; Chevallier et al., 2005). However, the improvement that can be achieved 59 

in emission fluxes depends highly on the accuracy of satellite retrievals. Climate Change Initiative (CCI) programme of 60 

European Space Agency (ESA) has listed the threshold precision and systematic error requirements for satellite derived 61 

columnar CO2 and CH4 mixing ratios (henceforth, columnar mixing ratios of CO2 and CH4 are represented by symbols 62 

XCO2 and XCH4 respectively), which are < 8 ppm precision and < 0.5 ppm systematic error for XCO2 individual meas-63 

urements, and < 34 ppb precision and < 10 ppb systematic error for  XCH4 individual measurements for deriving the 64 

regional emission fluxes of these species (Chevallier et al., 2016). WMO’s Global Climate Observing System (GCOS) 65 

implementation plan has listed 1-sigma accuracy requirement of < 0.5 ppm for XCO2 and < 5 ppb for XCH4, respectively 66 

(GCOS-200, 2016). 67 

To validate satellite-based estimates, standards against which the satellite observations can be compared are needed. The 68 

Total Carbon Column Observing Network (TCCON) operates high-resolution ground-based Fourier transform infrared 69 
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spectrometers (FTS) for providing column-averaged greenhouse gas abundances with high accuracy and precision. 70 

TCCON observations serve as the reference data source for satellite validation. Recently, TCCON is supplemented by 71 

portable FTS operated in the framework of the Collaborative Carbon Column Observing Network (COCCON). TCCON 72 

currently operates more than 20 stations worldwide for high precision measurements of column average dry air mole 73 

fractions of CO2, CH4, N2O, HF, CO, H2O and HDO (https://tccon-wiki.caltech.edu; accessed in Sep 2024). All the sites 74 

follow common set of standards for instrumentation, data acquisition, calibration and analysis as prescribed by the 75 

TCCON Steering committee. TCCON sites use IFS 125HR FTS manufactured by Bruker Optics which cover a spectral 76 

range from 3900 cm-1 to 15500 cm-1 with a spectral resolution of 0.02 cm-1. The calibration of TCCON is achieved using 77 

aircraft profiling over the sites. Typical eErrors in XCO2 and XCH4 areis less than 0.162% and 0.4% respectively for solar 78 

zenith angle less than 823° (Laughner et al., 2024)Wunch et al., 2011a). While the XCO2 and XCH4 measured at TCCON 79 

sites are highly accurate and very important for validation of satellite, model and other instruments, the spectrometer is 80 

expensive, large and requires continuous maintenance. The IFS 125HR FTS dimensions are of the order of 1 m x 1 m x 81 

3 m and weighs several 100 kg, restricting its wide spread use or its deployment for short field campaigns or at remote 82 

sites with limited manpower. To supplement TCCON observations and to provide wider coverage of GHG observations, 83 

the Karlsruhe Institute of Technology (KIT) in collaboration with Bruker Optics, started developing a new type of portable 84 

FTS in 2011 which provides accurate measurement of GHGs while being lightweight and cost-effective. The prototype 85 

performance is described in Gisi et al. (2012). The spectrometer has become commercially available since 2014 under 86 

model designation EM27/SUN. Sha et al. (2020) compared the four different types of low-resolution spectrometers 87 

against IFS 125HR as well as in-situ observations using AirCore from one of the TCCON site over a period of 8 months 88 

and found EM27/SUN had the best performance matrix against high resolution spectrometer. COCCON is an emerging 89 

network of the portable FTS which uses tested and calibrated EM27/SUN spectrometers as well as common algorithms 90 

for data processing (Alberti et al., 2022a; Frey et al., 2019; Sha et al., 2020). Support for calibration and data processing 91 

is provided by KIT and the COCCON spectrometers are calibrated against TCCON by performing side-by-side observa-92 

tions. Today, more than 83 EM27/SUN spectrometers are operated worldwide under COCCON network (Alberti et al., 93 

2022a). The portability of EM27/SUN spectrometer and high accuracy in retrieving XCO2 and XCH4 have made the 94 

instrument and COCCON network being used in a variety of applications. Pak et al. (2023) and Herkommer et al. (2024) 95 

have used EM27/SUN spectrometer as travelling standard to evaluate consistency of TCCON measurements. Frausto-96 

Vicencio et al. (2023) have used EM27/SUN spectrometer to estimate combustion efficiency of wild fires at regional 97 

scale. Stremme et al. (2023) have used the spectrometer to study CO2 plumes from volcano. Dietrich et al. (2021) and 98 

Alberti et al. (2022b) have used them for detecting city scale gradient in the gas mixing ratios and identifying the sources 99 

of emissions.  100 

An assessment conducted by Buchwitz et al. (2017) using TCCON sites found that GOSAT and OCO-2 meet the require-101 

ments set by ESA’s CCI Programme and WMO’s GCOS implementation plan across various parts of the world. However, 102 

due to a lack of data, this systematic assessment has so far not been conducted over South Asia. However, there have 103 

been a few studies that compared satellite data with ground-based FTSIR observations from Shadnagar (17°05′ N, 78°13′ 104 

E), near Hyderabad, Telangana—a city in the south-central part of India. Sagar et al. (2022) compared XCH4 values from 105 

Sentinel-5P/TROPOMI (from December 2021 to March 2021) with ground-based FTSIR observations and found a mean 106 

bias of 3.61 ppb. Pathakoti et al. (2024) compared XCO2 data from the OCO-2 satellite with ground-based FTSIR and 107 

reported a mean bias of 3.81 ppm and a root mean square error (RMSE) of 6.6 ppm. Pathakoti et al. (2024) used version 108 

8 bias-corrected OCO-2 data. Aside from these few studies, no systematic ground validation of satellite data for GHGs 109 

has been conducted over the South Asian region. Additionally, there has been no validation of GOSAT over South Asia. 110 

https://tccon-wiki.caltech.edu/
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Since the release of version 8 of OCO-2 data, several improvements have been made to the OCO-2 algorithm, and the 111 

latest version (v11.1) is now available to public users (Jacobs et al., 2024). 112 

National Atmospheric Research Laboratory (NARL), Gadanki and Institute for Meteorology and Climate Research (IMK-113 

ASF) of Karlsruhe Institute of Technology (KIT), Karlsruhe collaborated to make XCO2 and XCH4 measurements over 114 

South India using a portable Fourier Transform Spectrometer (FTS) similar to the one in COCCON network. In this 115 

manuscript, we present a systematic validation of XCO2 and XCH4 estimated from GOSAT and OCO-2 over a site in 116 

South Asia using ground-based measurements and using the latest retrieval algorithms.   117 

2 Instrumentation and Data 118 

In this study, a commercial low resolution (0.5 cm-1) FTS (Model: EM27/SUN FTS Make Bruker) with modified sun-119 

tracker and InGaAs detector is used. The spectrometer has high thermal and mechanical stability and 0.5 cm -1 spectral 120 

resolution in the spectral range 5000 to 9000 cm-1. KIT has developed a sunSun-tracker system developed at KIT uses 121 

that utilizes live sun image to guide sun-tracker of sun on field stop of spectrometer to guide sun-tracker for accurate 122 

position of sun-beam on the field stop of the sun. This allows far more precise sun-tracking even when intensity over the 123 

sun disk is varying due to cloud or other factors. The tracking accuracy achieved is of the order of 11 arc sec (Gisi et al.,  124 

2011). A detailed description of the instrument can be found in Gisi et al. (2012). The instrument used has been calibrated 125 

by performing side-by-side measurements next to the TCCON spectrometer in Karlsruhe. The instrument is calibrated 126 

for specific deviations from nominal instrumental line shape (ILS) and the absence of any other systematic errors is 127 

verified at KIT. Details about the ILS measurement and data analysis as well as the comparison of calibration factors 128 

between the COCCON spectrometers have been discussed in Frey et al. (2019), Sha et al. (2020) and Alberti et al., 129 

(2022a). Sha et al. (2020) have found a mean bias of -0.18±0.45 ppm and 0.003±0.005 ppm between EM27/SUN and 130 

TCCON instrument for XCO2 and XCH4 respectively. The Ratios of XCO2 and XCH4 scaling factors derived from side-131 

by-side measurements between the spectrometer used in this study (Instrument Serial No. 52) and values estimated using 132 

the instrument unit is used in current study (Instrument Sr. No. 52) and the reference the COCCON reference spectrometer 133 

(Instrument Sr. No. 37) IFS 125HR had values of were determined to be 0.999482 and 1.000825, respectively, prior to 134 

the start before the start of the observations at Gadanki (Alberti et al., 2022a0). In addition to solar spectra, measurements 135 

of atmospheric parameters like temperature and pressure were also obtained near the spectrometer. 136 

2.1 Ground-based FTS 137 

The recorded spectra are analysed using retrieval code PROFFAST v2.4 developed at KIT (KIT IMK-ASF 2024a). PROF-138 

FAST software retrieves the gas amount by fitting solar absorption spectra and scaling the a priori atmospheric profiles 139 

of the gases.  It was run using a python interface PROFFASTpylot v1.3 which also takes care of preprocessing of raw 140 

instrument data (Feld et al., 2024; KIT IMK-ASF 2024b). The PROFFAST algorithm is validated in several studies and 141 

used across all the COCCON sites to provide uniform and consistent data processing (Frey et al., 2019; Gisi et al., 2012; 142 

Hase et al., 2004; Sepúlveda et al., 2012; Sha et al., 2020). The spectral windows used for different species are shown in 143 

Table 2Table 2. The algorithm requires vertical profiles of temperature and pressure and a priori estimates of profiles of 144 

species to be estimated. Vertical profiles of temperature and pressure are obtained from National Center for Environmen-145 

tal Prediction (NCEP) reanalysis data corresponding to the dates of observations. The a priori estimates of species profiles 146 

are obtained from WACCM (Whole Atmosphere Community Climate Model) (Marsh et al., 2013) which is the average 147 

of 40 year monthly mean values for the site. The preprocessing step involves quality check of interferogram, DC correc-148 

tion, fast fourier transform, phase correction and resampling of the spectra. Each record of raw data is a set of 10 spectra 149 
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of which 5 are captured when the mirror is moving forward and 5 are captured when the mirror is moving backward. The 150 

interferogram is checked for signal level and source brightness fluctuations also known as DC variability and is removed 151 

from further analysis if threshold levels are not met. The other measurement and instrument specific corrections included 152 

in the processing are DC correction (correction for the sun brightness fluctuations) (Keppel-Aleks et al., 2007) and the 153 

application of instrumental line shape (ILS) parameters (Abrams et al., 1994; Alberti et al., 2022a0; Hase et al., 1999; 154 

Messerschmidt et al., 2010). As the first step, the columnar concentrations of CO2, CH4, O2 and H2O in terms of number 155 

of molecules per m2 are retrieved. Then, the CO2 and CH4 concentrations are converted to column average mixing ratios 156 

by assuming O2 mixing ratio as 20.95% and normalising CO2 and CH4 concentrations with respect to O2. This allows for 157 

compensating various systematic errors. XCO2 measurement precision is 0.13 ppmv and XCH4 measurement precision is 158 

0.6 ppbv (Frey et al., 2019). 159 

Table 2. List of spectral windows used for retrieving columnar concentrations of various gases using ground-based FTS 160 

Species Spectral windows used for analysis 

CH4 5897 – 6145 cm-1 

CO2 6173 – 6390 cm-1 

O2 7765 – 8005 cm-1 

H2O 8353.4 – 8463.1 cm-1 

Observations were carried out from October 2015 to July 2016 in the Gadanki campus of NARL. Gadanki (Latitude: 161 

13.45° N, Longitude: 79.18° E, 360 m above mean sea level) is a rural site in South India with a tropical wet climate. It 162 

experiences two monsoon seasons known as southwest and northeast monsoon seasons. Change in wind circulation from 163 

one season to the other season is known to have significant effect on trace-gases and aerosol concentrations at the site 164 

(Renuka et al., 2014; 2020; Suman et al., 2014). The site is surrounded by hilly terrain and the nearest city is about 35 km 165 

away. A major part of the terrain surrounding Gadanki is forest and farm lands. Though there is no farming of rice (paddy 166 

field) in the immediate vicinity, the region as a whole has a good number of paddy fields. More details about the site and 167 

various atmospheric observation facility can be found in Pandit et al. (2015) and Jayaraman et al. (2010). The FTS obser-168 

vations were carried out from morning to evening at an interval of 1 minute except during days with inclement weather 169 

and weekends. More than 39,000 spectra covering a period of 10 months were analysed to retrieve XCO2 and XCH4. 170 

2.2 GOSAT 171 

The greenhouse gases observing satellite (GOSAT) also known as IBUKI is a joint project of the Ministry of the Envi-172 

ronment (MoE), Japan; the National Institute for Environmental Studies (NIES), Japan and the Japan Aerospace Explo-173 

ration Agency (JAXA), Japan (Yokota et al., 2009). The main instrument onboard GOSAT is a Thermal and Near infrared 174 

Sensor for carbon Observations (TANSO) (Table 1). It is a Fourier transform spectrometer (FTS) with two detectors, one 175 

for shortwave infrared (SWIR) wavelength range and the other for thermal infrared (TIR) wavelength range (Olsen et al., 176 

2017). While the TIR sensor is used to retrieve CO2 and CH4 profiles, the SWIR sensor is used to retrieve column average 177 

dry mole fraction of CO2 (XCO2) and CH4 (XCH4). In the current study, only XCO2 and XCH4 values from SWIR sensor 178 

are used.  179 

The column-averaged dry-air mole fractions of methane (XCH4) and carbon dioxide (XCO2) retrieved from GOSAT are 180 

available from three different sources: (1) National Institute for Environmental Studies (NIES), Japan, (2) UK National 181 

Centre for Earth Observation University of Leicester (UoL), UK, and (3) the Goddard Earth Science Data Information 182 

and Services Center (GES DISC) of National Aeronautics and Space Administration (NASA, USA).  183 

NIES Data Products:  184 
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NIES The retrieval of XCO2 is a four-step process involving pre-processing, data screening, retrieval and quality check-185 

provides operational XCH4 and XCO2 products using a full physics algorithm, which minimizes the difference between 186 

observed and simulated spectra generated by a radiative transfer model (Someya et al., 2023). In the current study, we 187 

use bias-corrected FTS SWIR Level 2 v3.05 data products from NIES, hereafter referred to as NIES XCH4 or NIES 188 

XCO2. The pre-processing involves correction for observation time, pointing anomalies, wave-number, sensor degrada-189 

tion, etc., and preparing meteorological data. In the second step, data are screened out for the presence of cloud, high solar 190 

zenith angle (> 70°), high ground surface roughness, elevated aerosol layer, etc., along with 13 instrument related quality 191 

flags. XCO2 and XCH4 values are then retrieved by minimizing difference between observed and simulated spectra.  192 

UoL Data Products: 193 

UoL provides XCH4 data derived using a proxy retrieval approach (Parker et al., 2020). This method first retrieves the 194 

XCH4/XCO2 ratio from the common absorption band near 1.6 µm, and then estimates XCH4 by multiplying this ratio 195 

with a model-derived XCO2 value. The advantage of this approach is its reduced sensitivity to aerosols, thin cirrus clouds 196 

and certain instrumental effects. However, reliance on model-based XCO2 can introduce biases in the retrieved XCH4. To 197 

mitigate this, UoL uses the median of XCO2 estimates from three different atmospheric models constrained by surface 198 

in-situ observations.  In the current study, we use UoL Version 9 XCH4 data, hereafter referred to as UoL XCH4.  199 

NASA ACOS Data Products: 200 

NASA’s GES DISCThe Goddard Earth Science Data Information and Services Center of National Aeronautics and Space 201 

Administration (NASA, USA), USA provides XCO2 products data retrieved from GOSAT satellite’s SWIR sensor under 202 

the Atmospheric CO2 Observations from Space (ACOS) project (Osterman et al., 2017),. using a full physics algorithm 203 

originally developed for the OCO satellite and later adapted for GOSAT. In the current study, we use In this study, FTS 204 

SWIR L2 v3.05 XCO2 and XCH4 bias corrected data products from National Institute for Environmental Studies (NIES), 205 

Japan and ACOS Level 2 bias-corrected XCO2 version Version v9.2 datafull physics retrieval data from Goddard Earth 206 

Sciences Data and Information Services Center are used, hereafter referred to as ACOS XCO2. 207 

2.3 OCO-2 208 

Orbiting Carbon Observatory-2 (OCO-2) is NASA’s Earth remote sensing satellite to study atmospheric carbon dioxide 209 

from space (Crisp et al., 2004). In the current work, we have used processed and bias corrected data version 11.1r down-210 

loaded from the website of Goddard Earth Science Data Information and Services Center (GES DISC;( 211 

http://disc.gsfc.nasa.gov/). Version 11.1r is the latest version of data which were released in May 2023. The version 11.1r 212 

data contains retrospectively retrieved XCO2 values using full physics algorithm with several improvements with respect 213 

to its predecessor algorithms (Jacobs et al., 2024; Payne et al., 2023). The OCO-2 was launched on July 2, 2014 in sun-214 

synchronous orbit with equatorial crossing time at 13:30 on an ascending node with 16 days repeat cycle (Table 1). OCO-215 

2 instrument consists of three boresight high resolution imaging grating spectrometers which provides high resolution 216 

spectra of reflected sun light in oxygen A band (0.765 µm) and in two CO2 bands at 1.61 and 2.06 µm. The instruments 217 

can be operated in three modes viz., target, glint and nadir. The ground resolution varies depending on the mode of 218 

operation. In the current study, data from the nadir mode are used which has the spatial resolution of 1.29 km x 2.25 km 219 

(Crisp et al., 2017). The spectra are corrected for various artefacts such as bad pixels, cosmic ray artefacts and converted 220 

to radiometric values. Using full physics radiative transfer model, synthetic spectra are produced and compared with 221 

observed spectra. An inverse model iteratively modifies the assumed atmospheric state to improve the fit. The number 222 

densities of CO2 and O2 thus retrieved are used to get XCO2 by taking ratio of them and multiplying it by 0.2095. The 223 

retrieval is further applied bias correction obtained from collocated TCCON data, models and small area analysis (O’Dell 224 

et al., 2018). More details of the retrieval process are available in Crisp et al. (2021).  The OCO-2 data are distributed in 225 
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two formats known as standard files and Lite files. The standard files contain CO2 mixing-ratios without bias correction 226 

whereas mixing-ratios in the Lite files are bias corrected (Payne et al., 2023). The data files contain a quality flag for each 227 

retrieval. The quality flag value “0” corresponds to good data, whereas the quality flag value “1” suggests the presence 228 

of any of the 24 algorithmically identified quality issues in the retrieved value. In the present work, we have used bias 229 

corrected data with quality flag “0” only. 230 

3 FLEXPART (A Lagrangian Particle Dispersion Model) 231 

Besides, comparing satellite data with ground-based observations, we have also examined the seasonal variation of me-232 

thane mixing ratios using a Lagrangian Particle Dispersion Model to understand the influence of local sources vis-a-vis 233 

long-range transport. The FLEXPART (Pisso et al., 2019), an open source model developed at Norwegian Institute for 234 

Air Research (NILU), Kjeller, Norway is widely used by the research community around the world to identify the source 235 

regions of long range transport. The model takes meteorological fields as input and tracks the movement of virtual particle 236 

forward or backward in time. The particle can be configured to represent a gas or aerosols of one’s choice and accordingly 237 

be subjected to various physical processes such as advection, turbulence, dry deposition, wet deposition, radioactive de-238 

cay, etc. Except for reaction with OH radical no other chemical transformation is modelled in FLEXPART. 239 

We configured FLEXPART for backward-in-time run from observation site (Gadanki) with virtual particle representing 240 

methane molecules. The backward-in-time runs provide a source-receptor relationship which can be used to calculate 241 

mixing ratios or concentrations at observation site using emission fluxes. The model run is configured such that mixing 242 

ratios thus calculated represent results of emissions within the past 10 days and average of 0 to 15 km atmospheric column 243 

at the observation site. This configuration effectively captures most regional emissions and tropospheric methane mixing 244 

ratios. Using few sensitivity tests, we have found that emissions within 10 to 15 days have insignificant contribution to 245 

concentrations beyond 15 km. More details of the model settings used for the current study are provided in Table 3Table 246 

3. 247 

Table 3. The FLEXPART model setup and the input data details 248 

Input Meteorological Data ECMWF Reanalysis – Interim (ERA-

Interim) (Dee et al., 2011) 

Tracer CH4 

Point of origins for retroplume (aka Release 

Point) 

Gadanki 

Latitude: 13.45° N 

Longitude: 79.18° E, 

Site altitude: 365 m a. s. l. 

Plume release altitudes from ground:  

0 – 15 km. 

Number of particles released for each day 100000 

Mode Backward runs 

Number of days backward for each release 10 days 

User selectable Processes Dry Deposition – disabled 

Convection – enabled 

Wet deposition – disabled 

Reaction with OH radical – enabled 

OH reaction related settings Constants 

C = 9.65 x 10-20 cm3 molecule-1 sec-1 
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D = 1082.0 K 

N = 2.58 (no unit) 

3.1 ECLIPSEv6 inventory 249 

In order to calculate the concentrations resulting from recent regional emissions (emissions within past 10 days of a given 250 

observation), we used ECLIPSEv6b (Evaluating the CLimate and air quality ImPacts of Short-livEd pollutants version 251 

6b) emission inventory (Amann et al., 2011, 2012; Klimont et al., 2017; Hoglund-Isaksson, 2012; Stohl et al., 2015). The 252 

inventory is prepared following IPCC (2008) recommended method and using Greenhouse Gas - Air Pollution Interac-253 

tions and Synergies (GAINS) model (Amann et al., 2011). It provides sector-specific anthropogenic emission estimates 254 

for 11 species, including CH4 , across eight8 economic sectors. The data are provided as 0.5° x 0.5° gridded values for 255 

the years from 1990 to 2050 at an interval of 5 years for two scenarios namely current legislation for air pollution, which 256 

is also the reference scenario and maximum technically feasible reductions scenario. The latest version (vVersion 6b) was 257 

released in August 2019 and incorporates updates for historical data, new waste sectors, soil NOX emissions, international 258 

shipping emissions and energy-macroeconomic data. The inventory includes only anthropogenic emission fluxes from 259 

sectors viz. energy, industry, solvent use, transport, domestic combustion, agriculture, open biomass and agricultural 260 

waste burning, and waste treatment. Natural emissions from wetlands, forest fires, biogenic emissions, etc. are not in-261 

cluded in the inventory. The total Global, South Asia (members of SAARC – South Asian Association for Regional 262 

Cooperation), and India’s emissions of methane for the year 2015 were 336.2, 44.2 and 31.5 Tg, respectively. 263 

3.2 Wetland Inventory  264 

The emissions from wetlands can contribute significant atmospheric load of methane at the observation site and hence in 265 

addition to anthropogenic emissions from ECLIPSEv6 inventory, we used Wetland CH4 emissions and uncertainty dataset 266 

for atmospheric chemical transport models ( WetCHARTs) version 1.0 inventory (Bloom et al., 2017a, b) for calculating 267 

methane concentrations at Gadanki from recent emissions. The inventory contains global monthly emission fluxes of 268 

methane at 0.5° by 0.5° resolution for ensemble of multiple terrestrial biosphere models, wetland extent scenarios and 269 

temperature dependencies. The emission fluxes from 2001-2015 are provided for three choices of global scaling, two 270 

choices of wetland spatial extent, two choices for temporal variability of wetland extent, nine choices of heterotrophic 271 

respiration schemes and three choices of parametrization scheme for temperature dependency. In the current work, we 272 

have used data corresponding to the scaling factor with global emissions 166 TgCH4 yr-1, CARDAMOM (CARbon DAta 273 

MOdel fraMework) terrestrial C cycle analysis for heterotrophic respiration (Bloom et al., 2016), mid-range temperature 274 

sensitivity and, spatial and temporal extent of wetlands constrained with SWAMPS (Surface WAter Microwave Product 275 

Series) multi-satellite surface water product (Schroeder et al., 2015). These choices are made based on following consid-276 

eration. Choice of scaling factor represents the mid-point global emissions among the three choices available viz. 124.5, 277 

166 and 207.5 Tg CH4/yr. While there are nine choices for heterotrophic respiration, there is only one choice available 278 

for emission fluxes after 2010 which is CARDAMOM and used here. Between the two choices of spatial extent and two 279 

choices of temporal variability, the SWAMPS multi-satellite surface water product is used because it represents observa-280 

tionally constrained inundated areas including lakes and other water bodies.  281 

4 Results and Discussion 282 

Box plots of monthly statistics are shown in Figure 1Figure 1 for (a) XCH4 and (b) XCO2 measured by EM27/SUN at the 283 

Gadanki site. Figure 2Figure 2 shows the time series of hourly mean values of XCH4 and XCO2 from EM27/SUN, NIES, 284 



9 

 

UoL, ACOS and OCO-2, ACOS and GOSAT within box size ±30° longitude and ±10° latitude of the site (Table 4). A 285 

large variability in XCH4 values is observed in October, but in other months, the variability is relatively low. The median 286 

values of XCH4 are found to systematically decrease from 1.892 ppm in October to 1.826 ppm in June of the following 287 

year, with similar values observed in July. The monthly median values of XCO2 increased from 396.4 ppm in October to 288 

405.8 ppm in May, then began to decrease after May. Unlike XCH4, the XCO2 values did not show high variability in 289 

October. A similar seasonal variation was observed by Jain et al., (2021) in surface mixing ratios of CO2 and CH4 at 290 

Gadanki. Kavitha and Nair (2016) using SCIAMACHY satellite data over India for the period 2003-2009, also reported 291 

similar seasonal variations, attributing them to regional rice cultivation patterns. Further discussion on the seasonal vari-292 

ation is provided in the subsequent section. 293 

 294 

Figure 1. Box plot of monthly statistics of (a) CH4 and (b) CO2 columnar mixing ratios observed at Gadanki, India using 295 
ground-based FTIR. 296 

 297 

(a) 

(b) 
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Figure 2. Hourly mean values of columnar CH4 (top) and CO2 (bottom) mixing ratios observed using ground based FTIR along 298 
with paired satellite observations. See the text for description of pairing method (GOSAT data version 3.05; OCO-2 data ver-299 
sion v11.1r; ACOS v9.2; Box size ±30° longitude and ±10° latitude) 300 

4.1 Comparison of satellite-based and ground-based mixing-ratios 301 

The GOSAT satellite revisits observes the same point on Earth every three days, with and gas retrievals are performed 302 

only under clear cloud-free sky conditions. This limits the number of concurrent satellite and observations available with 303 

ground-based FTIR measurements. To overcome address this limitation and ensure sufficient number of paireddata pairs 304 

ground and satellite data for comparison, we have followed an approach similar to Buchwitz et al. (2017). This approach 305 

relies on the fact that CO2 and CH4 have long atmospheric residence times, allowing the history of air parcels to be used 306 

to pair data for comparison.  307 

In this approach, the first step is to identify all satellite data within a certain distance of the ground station. Buchwitz et 308 

al. (2017) used satellite data within ±30° longitude and ±10° latitude of TCCON sites to evaluate GOSAT and OCO-2 309 

data products. Wunch et al. (2017) used box of ±5° longitude and ±2.5° latitude around the TCCON sites in the Northern 310 

Hemisphere and ±60° longitude and ±10° latitude around the TCCON sites in the Southern Hemisphere to evaluate XCO2 311 

estimates from the OCO-2 satellite. In the second step, ground-based observations taken within three days of the satellite 312 

overpass and during same time of the day (within two hours) of the same time of day are paired with the satellite data. In 313 

the third step, the data pairs obtained in step 2 are further filtered using the criterion that the CAMS model output of 314 

XCH4 and XCO2 values, interpolated to the satellite location and ground station, cannot differ by more than 0.25 ppm for 315 

XCO2 and 5 ppb for XCH4, respectively. This third step is based on the premise that the CAMS model is capable of 316 

simulating transport accurately, meaning that while the absolute values may not always be correct, the spatial variability 317 
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in the model is reliable. The criteria in step 3 ensures that satellite and ground values are only compared when they share 318 

the same air mass history. It should be noted that the absolute value of the model simulation and its differences with 319 

observations are not relevant in this step. More detailed discussions on the need and the rationale behind this complex 320 

approach for data pairing can be found in Nguyen et al. (2014) and Wunch et al. (2011b). A sensitivity test, described in 321 

Table S1 of the Supplement, shows omitting the model-based air mass filtering (Step 3) increases the number of matched 322 

pairs by factors of 2 – 3 across species and datasets. While the effect on bias is mixed, the scatter generally increases 323 

slightly when Step 3 is not applied. For consistency with previous studies, we report results based on the full three-step 324 

pairing procedure.  325 

We note that no averaging kernel (AK) correction were applied in this analysis. While applying AK corrections is ideal 326 

to account for vertical sensitivity differences between satellite and ground-based retrievals, effect of their omission is 327 

expected to be small for our study location. Sha et al. (2021) demonstrated that at low-latitude sites, the impact of smooth-328 

ing and a priori profile differences on XCH4 biases is minor, typically below -0.25%, with an average effect of -0.14%. 329 

Given that Gadanki (13.5° N) is a low-latitude station, the lack of AK correction is unlikely to significantly affect our 330 

conclusions.   331 

We performed calculations for three different box sizes around the observation site at Gadanki (13.45° N, 79.18° E): (±5° 332 

longitude, ±2.5° latitude), (±10° longitude, ±5° latitude), and (±30° longitude, ±10° latitude). By the end of the third step, 333 

we obtained 55 pairs of XCH4 from GOSAT NIES v3.05, 81 pairs of XCH4 from GOSAT UoL v9, 117 pairs of XCO2 334 

from GOSAT v3.05, 1178 pairs of XCO2 from ACOS v9.2 and 120 pairs of XCO2 from OCO-2 v11.1 for the biggest 335 

box-size in Step 1 (see Table 4, Figure 2). The number of data pairs for XCO2 is more than double that of XCH4 for all 336 

box-sizes. This difference reflects the fact that carbon dioxide has a much longer atmospheric lifetime (>100 years) com-337 

pared to methane (~12 years).  338 

Table 4: Mean bias and scatter between satellite and ground-based measurements. Values that meet CCI criteria are shown in 339 
bold letters.  340 

Satellite Species Product 

version 

Box Size for pairing Number 

of data 

points 

Bias =  

mean (Xsat - 

Xgrd)* 

Scatter = 

stddev(Xsat 

- Xgrd)* 

Pearson 

correlation 

coefficient 

R 

Longitude Latitude 

GOSAT 

XCH4 

NIES 

v3.05 

±30 ±10 55 -18.5 ppb 13.8 ppb 0.47 

±10 ±5 19 -9.07 ppb 12.1 ppb 0.75 

±5 ±2.5 12 -12.8 ppb 6.21 ppb 0.85 

UoL v9.0 

±30 ±10 81 -5.6 ppb 15.0 ppb 0.58 

±10 ±5 39 -0.6 ppb 13.6 ppb 0.7 

±5 ±2.5 24 -2.0 ppb 7.9 ppb 0.86 

XCO2 

NIES 

v3.05 

±30 ±10 117 0.644 ppm 1.69 ppm 0.74 

±10 ±5 59 0.812 ppm 1.88 ppm 0.59 

±5 ±2.5 27 0.983 ppm 1.59 ppm 0.67 

ACOS 

v9.2  

±30 ±10 1178 0.1630.156 

ppm 

1.09 ppm 0.90 

±10 ±5 54 0.077 ppm 1.25 ppm 0.86 

±5 ±2.5 2438 -0.212 ppm 1.02 ppm 0.90 

V11.1r ±30 ±10 120 0.408 ppm 0.776 ppm 0.94 
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OCO-2 XCO2 
±10 ±5 67 0.342 ppm 0.806 ppm 0.94 

±5 ±2.5 41 0.163 ppm 0.786 ppm 0.95 

*Xsat are satellite based mixing ratio estimates and Xgrd are ground based FTIR mixing ratio 

estimates. For all the satellites, their bias corrected values are used.  

 341 

With the paired dataset in place, we now assessevaluated the bias, scatter, and correlation between satellite and ground-342 

based measurements, as summarized in Table 4. Here, The bias is defined as the mean of difference between the satellite- 343 

and the ground-based dry-air mole fractions, mixing ratio, the scatter asis defined as the standard deviation of these 344 

differences, and the correlation as coefficient between ground and satellite data is the Pearson correlation coefficient (R) 345 

between the paired values. The European Space Agency’sThe Climate Change Initiative (ESA CCI) of ESA has specifiesd 346 

performance targets of  precision (scatter) and systematic error (bias) requirements of < 34 ppb for scatter (precision) and 347 

< 10 ppb for bias (systematic error) for XCH4, and <8 ppm for scatter and <0.5 ppm for bias for XCO2 (Chevallier et al., 348 

2016). Statistically significant correlation exists between ground-based and satellite measurements for all box sizes (Table 349 

4).  350 

XCH4 Validation Results 351 

For GOSAT NIES XCH4, biases ranged from -9 ppb to -18.5 ppb depending on the spatial window size. For GOSAT 352 

UoL XCH4, biases were notably lower, ranging from -0.6 ppb to -5.6 ppb. While larger spatial windows provided more 353 

matched pairs, they did not consistently yield lower bias or scatter. In fact, the intermediate box size (±10° x ±5°) showed 354 

the lowest bias and scatter for both products. Importantly, biases across all box sizes remained within one standard devi-355 

ation of the smallest box size, indicating that larger spatial windows may not offer significant additional value, particularly 356 

when longer time series of ground-based data are available.  357 

The UoL XCH4 product met the ESA CCI bias requirement (< 10 ppb) across all box sizes. In contrast, the NIES XCH4 358 

products met this requirement only for the intermediate box, with marginal exceedances for the smallest box. Scatter 359 

values ranged from 6 ppb to 15 ppb across products and box sizes, well within the CCI precision requirement of 34 ppb.  360 

Although derived from the same satellite, the  361 

The bias in GOSATv3.05 XCH4 data is -9.07 ppb for the 20° x 10° longitude-latitude box size, meeting the CCI require-362 

ment, though it was larger for the other box sizes. The scatter requirement of < 34 ppb is met with a significant margin 363 

for all box sizes. The scatter ranged from 6.2 ppb to 13.8 ppb from the smallest to the largest box size. UoL XCH4 product, 364 

which uses a proxy retrieval approach, showed substantially improved bias performance compared to the NIES product. 365 

However, its scatter was slightly higher (approx. 2 ppb) than the NIES product for equivalent spatial windows ranging 366 

from 8 to 15 ppb.  367 

XCO2 Validation Results 368 

All XCO2 products showed high correlation with ground-based measurements across all spatial windows. Biases for The 369 

correlation between GOSAT NIES XCO2 ranged from 0.644 ppm to 0.983 ppm, exceeding the CCI bias threshold of 0.5 370 

ppm for all box sizes. However, scatter values (1.59–1.88 ppm) were well below the 8 ppm precision requirement.  371 

and ground-based XCO2 is significant for all the box sizes used for data pairing. The Climate Change Initiative (CCI) of 372 

ESA has specified precision (scatter) and systematic error (bias) requirements of < 8 ppm and < 0.5 ppm for XCO2 373 

(Chevallier et al., 2016). The bias is lowest, at 0.644 ppm, for the largest box size (60° long x 20° lat) and highest, at 374 

0.983 ppm, for the smallest box size (10° long x 5° lat). The larger box sizes correspond to the criteria set by Buchwitz et 375 

al. (2017), while the smaller box sizes correspond to Wunch et al. (2017). Neither meets the CCI listed systematic error 376 

(bias) requirements of < 0.5 ppm. However, the scatter requirement of <8 ppm is comfortably met. The scatter values for 377 

GOSATv3.05 XCO2 are in the range of 1.59 ppm to 1.88 ppm.   378 
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In contrast, ACOS version 9.2 XCO2, values, also based on which are derived from the GOSAT observations but using 379 

satellite but use a different retrieval algorithm, demonstrated superior performance.  significantly better than the GO-380 

SATv3.05 values. Biases  values ranged from -0.212 ppm to 0.163 ppm, meeting the CCI bias requirement across all box 381 

sizes. and sScatter values ranged from 1.02 ppm to 1.25 ppm, also comfortably within the precision target. depending on 382 

the longitude-latitude box size. The cCorrelation coefficient (R = 0.86–0.90) for ACOS XCO2 were higher than those for 383 

NIES XCO2 (R = 0.59 – 0.74)values is also far superior. The correlation coefficient values for ACOS v9.2 XCO2 are 384 

between 0.86 and 0.9, whereas the correlation coefficient values for GOSAT v3.05 XCO2 range from 0.59 to 0.74.  385 

The correlation of ground data with OCO-2 XCO2 v11.1r product showed is the highest correlation among all datasets (R 386 

= 0.94 – 0.95), with biases ranging from 0.163 ppm to 0.408 ppm, fully meeting the CCI bias target. Scatter values (0.776 387 

– 0.806 ppm) were the lowest among all products evaluated.among the three satellite XCO2 datasets evaluated. The cor-388 

relation coefficients (R values) for OCO-2 XCO2 v11.1r are between 0.94 and 0.95. The biases also meet the CCI require-389 

ment of < 0.5 ppm, though they are slightly larger than those for ACOS XCO2. The biases for OCO-2 XCO2 range from 390 

0.163 ppm to 0.408 ppm for different longitude-latitude boxes.  391 

Our results for OCO-2 XCO2 differ notably from the higher bias of 3.81 ppm reported by Pathakoti et al. (2024) for 392 

Shadnagar, India, located about 500 km north of our study site. While Pathakoti et al. have not discussed the reason for 393 

such a high bias in their study, it is unlikely to be solely due to the use of an earlier version of the OCO-2 dataset by them. 394 

Pairing methodology differences between our study and that of Pathakoti et al. may have contributed to the difference in 395 

results. Their study used a smaller spatial window (4° × 4°) and daily mean ground-based values, whereas we applied a 396 

larger spatial window (10° × 5°), used hourly collocation within ±2 hours, and applied model-based air mass filtering to 397 

improve representativeness. Additionally, Pathakoti et al. did not specify the retrieval algorithm version for their ground-398 

based FTS data. Pak et al. (2023) have shown that using GGG2020 instead of GGG2014 reduces XCO2 bias from 1.3 399 

ppm to 0.5 ppm, which may further explain the discrepancy.   400 

 401 

The scatter for OCO-2 ranges from 0.776 ppm to 0.806 ppm, depending on box size, and is significantly smaller than 402 

both the GOSAT XCO2 v3.05 and ACOS XCO2 v9.2 values, meeting the CCI criteria of <8 ppm.  403 

Figure 3Figure 3 shows the time series of biases for XCH4 and XCO2 biases for using athe ±30° × ±10° longitude-latitude 404 

box around Gadanki. No systematic changes in biases are observed for most products, both XCH4 and XCO2except for. 405 

GOSAT NIES XCO2, values which exhibited positive biases during December to February and negative biases during 406 

April to May. Overall, Tthe biases at the Gadanki location are consistent with those (~ 1 ppm) reported by O' Dell et al. 407 

(2018) for OCO-2 version 8 data over TCCON sites (~ 1 ppm). 408 
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Figure 3: Time series offor biases in GOSAT and OCO-2 retrieved estimated XCH4 (top panel) and XCO2 (bottom panel) 409 
values over Gadanki, India. Values Results are shown for satellite data selected within a ±30° longitude xand ±10° latitude box 410 
region centred onaround the station. 411 

4.2 Case Studies and Seasonal variations of methane 412 

Figure 4Figure 4 shows methane mixing ratio enhancements calculated using the FLEXPART model and the 413 

ECLIPSEv6+Wetland inventory. As previously mentioned, the model is configured such that the values represent daytime 414 

mean mixing-ratios in the altitude range of 0 to 15 km over Gadanki, contributed by emissions from the preceding 10 415 

days. The altitude range of 0 to 15 km is selected because the tropopause altitude in the tropics is typically between 15 416 

and 18 km (Pandit et al., 2014), and emissions from the past 10 days are generally confined within this range.  417 

The 10-day back trajectory is chosen based on earlier work by Gadhavi et al. (2015), which demonstrated that, for the 418 

Gadanki location, a10-day back trajectory captures emissions from almost the entire South Asia. The averaging period is 419 

selected as daytime (9 am to 6 pm local time) to ensure a one-to-one correspondence with observed mixing ratios, which 420 

are measured using solar radiation through FTS and are therefore only available during daylight hours.  421 

Hereafter, these values will be referred to as model values, However, it is important to note that the model values do not 422 

account for the columnar CH4 mixing ratio resulting from emissions prior to the 10-day period and, therefore, do not 423 

represent the total columnar mixing ratio as seen in FTS or satellite data. 424 
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 425 

Figure 4: Model calculated columnar (0 to 15km) average methane mixing ratio enhancements due to emissions of past 10 days 426 
for year (a) 2015 and (b) 2016. Colours show contribution of different sectors viz. wetland (wet), domestic+waste (dom+wst), 427 
agriculture + agricultural waste burning (agr+awb), energy + flaring (ene+flr), and industry + transport + shipping 428 
(ind+tra+shp). 429 

Overall, the model estimates methane mixing ratio enhancements ranging from 2 ppb to 26 ppb during 2015 and 2016. 430 

While there is significant day-to-day variability, a seasonal pattern is still discernible in the model-calculated values. 431 

Typically, the mixing ratio enhancements are high in November, decreases slightly in December, and rise again during 432 

January and February. They decrease in March and April, briefly rise in the second half of May, and then decrease again, 433 

remaining low from June to September. The mixing ratios rise again in October, peaking in November. Sector-wise, 434 

wetlands do not show large seasonal variations. Wetland contributions are low from December to March. In other seasons, 435 

wetland contributions occasionally reach as high as 40% of total mixing ratios, but for most part of the year, they remain 436 

around 10%. The highest contribution comes from the agriculture sector, accounting for nearly 55% of the total mixing 437 

ratio enhancements, followed by the waste sector, which contributes about 17% to the model values at Gadanki. The 438 

domestic and energy sectors contribute about 5% each. The domestic sector’s contribution is lower in July and August, 439 

mainly due to the air masses originating from the west of Gadanki in peninsular India, where the population is smaller 440 

and contributes less to methane emissions. Flaring contributes negligibly for most part of the year, but during June to 441 

July, its contribution can reach up to 40%, primarily due to low emissions from other sectors during this period and the 442 

winds from the Arabian Sea bringing emissions from oil rigs off the west coast of India, the eastern Arabian Peninsula, 443 

and northeastern Africa. Industry, transport, shipping and agricultural waste burning activities contribute less than 1% of 444 

atmospheric load of methane at Gadanki. 445 
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Figure 5Figure 5  shows model-calculated methane mixing ratio (ΔXCH4; solid blue line; left Y-axis) and the methane 446 

mixing ratios (XCH4) observed using FTS (red filled circles; right Y-axis) in a single plot. The left Y-axis represents the 447 

model mixing ratio, which only accounts for emissions from the preceding 10 days. For lack of a better term, we refer to 448 

it as ΔXCH4. The right Y-axis shows the observed values in ppm. As mentioned earlier, the model was configured to 449 

reflect incremental variability caused by regional emissions. If the background CH4 mixing ratios were constant, the day-450 

to-day variability relative to background values should be the same in both the model and the observations. However, we 451 

observe differences in both the absolute values of variability and their seasonal patterns. Several sudden increases in the 452 

model values, which appear as spikes in Figure 5Figure 5 (e.g. 5 October 2015 and 27 December 2015), correspond to 453 

increase or decreasevariations in the observations. While the observations are not as continuous as model values and 454 

cannot capture all the variability seen in the model, some degree of day-to-day variability is correlated between the model 455 

and observations (R2 = 0.35). However, the magnitude of variability between the model and observed values is quite 456 

different. For instance, the observed mixing ratios from 5 October 2015 to 8 October 2015 decreased by 49 ppb, whereas 457 

the model values during the same period decreased only by 16 ppb. Over the entire observation period, observed total 458 

column methane mixing ratios values varied by 100 ppb, while the model values which excludes background mixing 459 

ratios varied only by 20 ppb. This discrepancy may be due to two main factors: either the emission fluxes in the emission 460 

inventory are underestimated, or the background mixing ratios are not constant. The latter factor could explain the mis-461 

match on a monthly scale. Starting in October 2015, both model and observed values are high and decrease toward June-462 

July 2016. While the model values are already low by March 2016, the observed values decrease gradually from Novem-463 

ber 2015 to January 2016, remain nearly constant from January 2016 to April 2016, and then decrease rapidly in May, 464 

reaching a minimum during the last week of June and the first week of July.  465 

Chandra et al. (2017) analysed methane variations over different parts of India using Japan Agency for Marine-earth 466 

Science and TEChnology ( JAMSTEC)’s  Atmospheric Chemical Transport Model. They found that, over South India, 467 

although 60% of the columnar concentration is attributed to CH4 in the lower troposphere, there is very little correlation 468 

between regional emissions and columnar methane variations. This was attributed to changes in atmospheric chemistry 469 

and transport. According to Chandra et al. (2017), the methane loss rate increases from 6 ppb day -1 in January to 12 ppb 470 

day-1 from April to September. Additionally, anticyclonic winds in the upper troposphere confine uplifted methane mol-471 

ecules over broader South Asia during the monsoon season, contributing significantly to methane over Western India, but 472 

not significantly over South India. Since the FLEXPART doesn’t include chemistry other than the reaction with OH 473 

radical, lower decrease in model values from March to July could be due to absence of chemistry as well as transport of 474 

background methane above 15 km. 475 



17 

 

 476 

Figure 5: Observed and modelled mixing ratios at Gadanki. (The left hand y-axis shows value for modelled mixing ratio and 477 
right-hand axis shows value for observed mixing ratios 478 

5 Conclusions and Outlook 479 

The GOSAT and OCO-2 satellites provide global coverage of columnar mixing ratios of CO2 and CH4 every 3 and 15 480 

days, respectively. These data are crucial for deriving regional greenhouse gas emission fluxes. However, the accuracy 481 

of the derived emission fluxes strongly depends on the precision and accuracy of the satellite products. In our study, we 482 

compared GOSAT and OCO-2 satellite-measured columnar mixing ratios of CO2 and CH4 with ground-based FTS meas-483 

urements from a location in South India.  484 

The biases in methane mixing ratios estimated using the GOSAT satellite ranged from -9 -0.6 ppb to -18.5 ppb, depending 485 

on the product and matching criteria used for the collocation of ground and satellite footprints. Even though NIES and 486 

UoL XCH4 dry-air mole fraction derived from same satellite (GOSAT), UoL XCH4 data has much smaller biases for 487 

corresponding spatial box-sizes. These biases in UoL XCH4 meet ESA’s CCI requirement for systematic errors (< 10 488 

ppb) for all the matching criteria, NIES XCH4 meet the requirement only for intermediate  the smallest longitude-latitude 489 

box size. However, the bias is marginally higher than the acceptable limit for the middle box-size and does not meet the 490 

requirement for the largest box size (±30° longitude x ±10° latitude) used for matching ground and satellite pairs.  491 

Again, NIES XCO2 and ACOS XCO2 products are derived from same satellite (GOSAT), NIES XCO2 product does not 492 

meet the CCI’s systematic error requirement of <0.5 ppm, whereas ACOS XCO2 data product not only met the CCI’s 493 

systematic error requirement, it had The biases in carbon dioxide mixing ratios werethe lowest biases for the ACOS v9.2 494 

dataset among the three XCO2 datasets evaluated. Both the ACOS and OCO-2 data meet ESA’s CCI requirement for CO2 495 

biases (< 0.5 ppm), while the GOSAT NIES XCO2 v3.05 values showed higher biases, ranging from 0.644 ppm to 0.983 496 

ppm. The precision requirement of < 8 ppm for XCO2 set by ESA CCI was met by all three datasets with a significant 497 

margin, with scatter values ranging from 0.776 ppm to 1.88 ppm.  498 

Our study demonstrates that satellite-based greenhouse gas estimates over South Asia show promising accuracy and pre-499 

cision for emission flux retrievals. In recent years, several new satellites from both public and private organizations have 500 

been launched to provide greenhouse gas estimates. This highlights the need for sustained efforts to establish a wider and 501 

denser network of Fourier Transform Spectrometer (FTS) across South Asia, which can be used for satellite and model 502 

validations with implication for better assessment of GHGs emissions and improved climate modelling. We used to model 503 



18 

 

to understand seasonal changes resulting from local and regional emissions in methane mixing ratios and sectoral com-504 

position of the sources. The model captures the overall seasonal variation in methane enhancements—showing peaks 505 

during certain months (e.g., November) and lows during others (e.g., June–July). Agriculture sector is contributing about 506 

55% on average, followed by sectors such as waste and wetlands. 507 

When comparing the model estimated season variability (ΔXCH4, which represent only the contribution from emissions 508 

in the preceding 10 days) with the observed seasonal changes in the total columnar mixing ratios, the model tends to 509 

exhibit a much narrower range of variability. For example, over a given period, the observations show a change of about 510 

100 ppb, while the model shows only around a 20 ppb change. This discrepancy suggests that there are significant changes 511 

in background methane mixing ratios with season which might limit use of inverse modelling techniques to estimate 512 

emission fluxes. 513 

Overall, our study demonstrates that satellite-based greenhouse gas estimates over South Asia show promising accuracy 514 

and precision for emission flux retrievals. In recent years, several new satellites from both public and private organizations 515 

have been launched to provide greenhouse gas estimates. This highlights the need for sustained efforts to establish a wider 516 

and denser network of Fourier Transform Spectrometer (FTS) across South Asia, which can be used for satellite and 517 

model validations with implication for better assessment of GHGs emissions and improved climate modelling. 518 

 519 
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