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Abstract: Accurate global monitoring of carbon dioxide (CO2) is essential for understanding climate
change and informing policy decisions. This study compares column-averaged dry-air mole fractions
of CO2 (XCO2) between ACOS_L2_Lite_FP V9r for Japan’s Greenhouse Gases Observing Satellite
(GOSAT), OCO-2_L2_Lite_FP V10r for the USA’s Orbiting Carbon Observatory-2 (OCO-2), and
IAPCAS V2.0 for China’s Carbon Dioxide Observation Satellite (TANSAT) collectively referred to
as GOT, with data from the Total Carbon Column Observing Network (TCCON). Our findings are
as follows: (1) Significant data quantity differences exist between OCO-2 and the other satellites,
with OCO-2 boasting a data volume 100 times greater. GOT shows the highest data volume between
30–45◦N and 20–30◦S, but data availability is notably lower near the equator. (2) XCO2 from GOT
exhibits similar seasonal variations, with lower concentrations during June, July, and August (JJA)
(402.72–403.74 ppm) and higher concentrations during December, January, and February (DJF)
(405.74–407.14 ppm). XCO2 levels are higher in the Northern Hemisphere during March, April, and
May (MAM) and DJF, while slightly lower during JJA and September, October, and November (SON).
(3) The differences in XCO2 (∆XCO2) reveal that ∆XCO2 between OCO-2 and TANSAT are minor
(−0.47± 0.28 ppm), whereas the most significant difference is observed between GOSAT and TANSAT
(−1.13± 0.15 ppm). Minimal differences are seen in SON (with the biggest difference between GOSAT
and TANSAT: −0.84 ± 0.12 ppm), while notable differences occur in DJF (with the biggest difference
between GOSAT and TANSAT: −1.43 ± 0.17 ppm). Regarding latitudinal variations, distinctions
between OCO-2 and TANSAT are most pronounced in JJA and SON. (4) Compared to TCCON, XCO2

from GOT exhibits relatively high determination coefficients (R2 > 0.8), with GOSAT having the
highest root mean square error (RMSE = 1.226 ppm, <1.5 ppm), indicating a strong relationship
between ground-based observed and retrieved values. This research contributes significantly to our
understanding of the spatial characteristics of global XCO2. Furthermore, it offers insights that can
inform the analysis of differences in the inversion of carbon sources and sinks within assimilation
systems when incorporating XCO2 data from satellite observations.
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1. Introduction

The Earth’s climate system is experiencing profound changes, primarily due to anthro-
pogenic activities, with the emission of greenhouse gases (GHGs) into the atmosphere [1–3].
Among these GHGs, carbon dioxide (CO2) has the utmost importance due to its long-lasting
effects and pivotal role in driving global warming [4,5]. The accurate measurement and
monitoring of atmospheric CO2 concentrations are crucial for assessing the rate of climate
change, understanding its impacts on ecosystems, and formulating effective mitigation
strategies [6,7].

Traditional ground-based measurements, while providing valuable data, have limi-
tations in terms of spatial coverage and the comprehensive capture of intricate nuances
in atmospheric CO2 distribution patterns. This limitation has prompted the development
of carbon satellite-based missions in different countries. For example, Japan’s Green-
house Gases Observing Satellite (GOSAT) [8], the Orbiting Carbon Observatory-2 (OCO-2)
mission operated by the National Aeronautics and Space Administration (NASA) [9,10],
and China’s Carbon Dioxide Observation Satellite Mission (TANSAT) [11,12], collectively
referred to as GOT, provide globally averaged dry-air mole fractions of CO2 (XCO2) at
various temporal and spatial scales.

In the realm of satellite-based CO2 measurements, significant advancements have been
achieved in XCO2 retrieval algorithms, atmospheric correction methods, and validation
techniques [13–17]. Many studies have utilized GOSAT and OCO-2 data to investigate
CO2 concentration distributions at both regional and global scales [18–21]. Furthermore, in
anticipation of future decision-making regarding emission reduction strategies and climate
change mitigation, there is a pressing need for highly precise information regarding CO2
sources and sinks. In response to this urgency, numerous researchers have endeavored
to assess the dynamic interplay of carbon sources and sinks in terrestrial ecosystems by
leveraging GOSAT and OCO-2 satellite data along with diverse inversion methods [22–25].
These studies have made significant contributions to unraveling the complexities of CO2
sources and sinks, as well as the integral role of landmasses, oceans, and vegetation in the
intricate carbon cycle [25–29].

However, despite these advancements, challenges and controversies persist in accu-
rately quantifying the temporal and spatial variability of CO2 sources and sinks for various
reasons [28,30,31]. These reasons include: (1) inherent limitations in atmospheric CO2
observations [32]; (2) the capabilities of model simulations [33]; and (3) data uncertainties
in observational conditions. In this context, our focus is on the third point. Although
carbon satellites help mitigate some of the limitations of sparse data, existing satellite
missions emphasize that cloud-free observations are captured on less than 2% of the Earth’s
surface area, even on a monthly basis [34]. Previous studies have also highlighted the
significant influence of model setup in perpetuating uncertainty in carbon budgets and
China’s terrestrial ecosystems. This study underscores the need for a larger ensemble of in-
version systems to address this challenge [32]. Integrating XCO2 data derived from carbon
satellites into inversion models to retrieve carbon source and sink information presents
another challenge. Discrepancies between satellite data and ground measurements, such as
those obtained from the Total Carbon Column Observing Network (TCCON), have been
reported [15,35–39]. These disparities can be attributed to various factors, including instru-
mental biases, uncertainties in atmospheric corrections, and differences in spatiotemporal
resolutions. Understanding these discrepancies is crucial for further improving the quality
of satellite-based CO2 measurements and enhancing our comprehension of datasets when
integrated into inversion models.

Despite the extensive comparisons conducted among various carbon satellite datasets
and their respective correlations with TCCON data, there is a noticeable gap in compre-
hensive studies that simultaneously compare data from GOSAT, OCO-2, and TANSAT.
In the case of China, specifically, understanding the differences between XCO2 data from
domestic satellites and international XCO2 data is essential for setting satellite parameters
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and improving data quality. This understanding will help us better achieve our goals of
carbon peak and carbon neutrality.

In our study, we aim to conduct a comprehensive comparative analysis of XCO2
data from GOT (referred to as XGOT) to assess the consistency and discrepancies within
their XCO2 measurements, covering several critical aspects. We will scrutinize factors
such as the satellite’s orbital characteristics and sensor parameters, as well as perform
an intercomparison of XGOT data from seasonal, spatial, and latitudinal perspectives.
Additionally, our investigation will involve discerning the contrasts between XGOT data
and the data obtained from TCCON. Examining the similarities and discrepancies between
the datasets from these missions will make a significant contribution to addressing existing
issues. Our efforts are geared towards shedding light on the reliability and inherent
limitations of satellite-based XCO2 observations. Furthermore, we will use these XGOT
data to invert the carbon source and sink using a carbon tracking model (CT-China) [40] in
the near future, exploring how disparities in XCO2 data influence the results of assimilation
inversions. The findings from this study hold the potential to provide strong support for
our subsequent, in-depth investigation into disparities among the three satellite-derived
carbon sink inversions. This endeavor also serves as a valuable comparative case study for
the research community utilizing these three distinct XCO2 datasets.

We have structured this paper as follows: In Section 2, we describe the data, including
XCO2 from GOT and TCCON observations, and the methods we use to intercompare three
satellite XCO2 datasets and evaluate the differences between satellite XCO2 and TCCON.
Section 3 presents the results of the intercomparison and difference evaluation between
satellite XCO2 and TCCON. In Section 4, we discuss the uncertainties and implications of
the results and draw conclusions.

2. Materials and Methods
2.1. Datasats

Our research datasets included XCO2 data retrieved from GOT and ground validation
sites (TCCON). Table 1 displays the orbit and observation geometry parameters as well as
spectral information for each satellite sensor.

Table 1. Orbits, observation geometry, and sensor parameters of GOSAT, OCO-2, and TANSAT.

Satellites’ Characteristics GOSAT [8] OCO-2 [41] TANSAT [42]

Launch time 2009.01 2014.07 2016.12
Orbit Height/km 666 705 712

Inclination (◦) 98.1 98.2 98.2
Recurrent Period/day 3 16 16

Local Time 12:45–12:55 13:30 ± 0.15 13:30

Pointing Multiple targets with a 2-axis
pointing mechanism Nadir, Glint, Target Nadir, Glint, Target

Swath/km 790 10.6 18
Footprint (Nadir) Circle of 10.5 km diameter 1.29 × 2.25 km2 2 × 2 km2

Sensors FTS, CAI 3-Channel Grating
Spectrometer ACGS, CAPI

Bands/µm 0.76–0.78, 1.56–1.72, 1.92–2.08,
5.56–14.30 0.76–0.77, 1.59–1.62, 2.04–2.08 0.76–0.77, 1.59–1.62, 2.04–2.08

2.1.1. Greenhouse Gases Observing Satellite (GOSAT)

GOSAT, Japan’s first high-spectral resolution satellite, was launched in 2009 to observe
GHGs in the atmosphere. It orbits along a solar quasi-return trajectory at an average alti-
tude of 666 km and an inclination of 98.1◦. Its revisit period is 3 days, with the descending
node transiting between approximately 12:45 p.m. and 12:55 p.m. local time [43]. The
satellite’s carbon observation instrument, TANSO, consists of two sensors: the Fourier
Transform Spectrometer (FTS) and the Cloud and Aerosol Imager (CAI). The FTS detects



Remote Sens. 2023, 15, 5073 4 of 20

GHG signals, while the CAI collects synchronized cloud and aerosol information. Specifi-
cally, the FTS wavelength band of 1.56~1.72 µm is used for inverting atmospheric XCO2 [44].
Its instantaneous field of view (IFOV) spans 15.8 mrad, corresponding to a diameter range
of approximately 10.5 km at the lower point of nadir observation. The satellite’s scanning
angle encompasses±20◦ in the orbital direction and±35◦ in the side-scanning direction [8].

The XCO2 data used in this study were obtained from the ACOS_L2_Lite_FP product
(V9r) [22]. The inversion algorithm employed is the ACOS algorithm [8], which is detailed
in the ACOS Algorithm Level 2 Standard Product and Lite Data Product User’s Guide [45].
The accuracy of the concentration observations is approximately 1 ppm. The data were
archived at the Goddard Earth Science Data Information and Services Center (GES DIS) [46].
For this study, we selected the time range from 1 March 2017 to 28 February 2018 (one
year for seasonal analysis), based on the availability of data from GOT (XCO2 data from
TANSAT are only available after 1 March 2017). Data quality screening was performed here
(using the algorithm developers’ quality flag) to ensure subsequent analysis.

2.1.2. Orbiting Carbon Observatory-2 (OCO-2)

OCO-2, launched on 2 July 2014, represents NASA’s pioneering mission aimed at
monitoring atmospheric CO2 levels. OCO-2 follows a near-polar, sun-synchronous orbit
with an altitude of 705 km, an inclination of 98.2◦, and a revisit period of 16 days [9].
Its orbital path intersects the local time at approximately 1:30 p.m. Equipped with a
three-band grating hyperspectral spectrometer, OCO-2 facilitates precise measurements
of CO2 concentrations, crucial for scientific insights. The spectrometer covers the oxygen
A band (0.758–0.773 µm), a weak CO2 absorption band (1.591–1.621 µm), and a strong
CO2 absorption band (2.043–2.083 µm). These distinct spectral bands enable researchers to
accurately discern variations in CO2 concentrations [47].

OCO-2 operates in three observation modes: nadir, glint, and target mode. The nadir
mode is employed when the zenith angle is less than 85◦, thereby enhancing spatial resolu-
tion, mitigating cloud interference, and capturing valuable cloud-free samples. The glint
mode focuses on improving the signal-to-noise ratio (SNR) by observing solar altitude an-
gles below 75◦, particularly enhancing observations over oceanic regions [48]. In proximity
to ground-based validation sites, the target mode becomes operational, facilitating targeted
observations lasting up to 9 min and providing approximately 12,000 observations within
the designated location. In the context of nadir observations, OCO-2 employs a cross-track
IFOV of 0.1◦ and an integration time of 0.333 s. This specific configuration results in 4 to
8 bypass footprints, each effectively covering an area of 1.29 km × 2.25 km [49].

This study utilizes XCO2 data from the OCO-2_L2_Lite_FP product (V10r), and the
inversion algorithm employed is ACOS [47,50]. The resulting full-column estimates of
XCO2 have single-sounding precisions of approximately 0.5 ppm [51]. All data relevant to
the current study are archived at the Goddard Earth Science Data Information and Services
Center [46]. The XCO2 data underwent screening adhering to quality markers (using the
algorithm developers’ quality flag) for subsequent utilization.

2.1.3. China’s Carbon Dioxide Observation Satellite (TANSAT)

In 2016, China successfully launched its inaugural GHG observation satellite, TANSAT.
It operates in a sun-synchronous orbit positioned at an altitude of 712 km with an inclination
of 98.2◦. The local time of its ascending node is 1:30 p.m., and it completes a full revisit cycle
every 16 days [42]. TANSAT features two distinct instruments: the Hyperspectral Green-
house Gas Sounder (ACGS) and the Cloud and Aerosol Polarization Imager (CAPI). The
ACGS module specifically captures absorption bands of O2 at 0.76 µm and CO2 at 1.61 µm
and 2.06 µm. The CAPI instrument, serving as a wide-angle and medium-resolution imag-
ing spectrometer, provides supplementary information to address observational errors
caused by clouds and aerosols [52]. TANSAT’s observing modes primarily include nadir,
glint, and target modes. In the nadir mode, the footprint measures 2 km × 2 km, and each
swath includes 9 such footprints [53]. The IFOV width spans 18 km. The data we used are
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from version 2.0, level L1B, and the inversion algorithm used is the Institute of Atmospheric
Physics Carbon dioxide retrieval Algorithm for Satellite remote sensing (IAPCAS) [54].
This algorithm achieves an impressive inversion accuracy of 1% (4 ppm) [52].

2.1.4. Total Carbon Column Observing Network (TCCON)

We utilized TCCON for assessing XCO2 retrieved by GOT. TCCON operates ground-
based Fourier transform spectrometers, capturing solar near-infrared spectra to retrieve
XCO2 values [55]. This method precisely aligns the instrument with solar radiation, reduc-
ing the influence of factors such as aerosols and thin clouds on the optical path. Moreover,
TCCON is tied to WHO by an extensive aircraft intercomparison campaign, and as a result
an airmass-dependent and independent correction factor is applied to the network data.
All of the above results in the collection of high-precision XCO2 data [56]. The use of the
same instruments and data processing methods ensures consistency across measurement
sites, creating a unified dataset.

To establish a correspondence between GOT data and TCCON data, we accessed the
GGG2020 and GGG2014 versions (available for download at https://TCCONdata.org/,
accessed on 8 July 2023). The GGG2020 version comprises data from 31 distinct sites, while
the GGG2014 version includes data from 35 sites. The 2020 version takes precedence, with
supplementation from the 2014 version (see Figure 1 for more detail). In preparation for
this dataset, a 3-sigma screening method (details of which can be found in the Methods
section) was implemented before its use in our study.
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Figure 1. The spatial distribution of TCCON sites used in our study. See Table 2 for the full name of
each site.

Since the XCO2 dataset from three satellites covers the time range from March 2017 to
February 2018, we conducted time matching with TCCON. The sites used by each satellite
are listed in Table 2. The spatial distribution of all the sites used is illustrated in Figure 1.

We are aware that, for the land portion, the typical pointing mode for these three
satellites is nadir, while for the ocean portion, it is usually the glint mode. To eliminate
the difference between these two pointing modes, this study exclusively focused on the
analysis of terrestrial areas.

2.2. Methods
2.2.1. Data Screening Method for TCCON

In our study, we employed a 3-sigma method to screen the TCCON data. Specifically,
we selected data within the time range from March 2017 to February 2018 (to match the
XGOT data) and calculated the differences between adjacent observations. We obtained

https://TCCONdata.org/
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the average value (m) and standard deviation (σ) of these differences. Observations with
differences that fell outside the range of m ± 3σ (forward and backward simultaneously)
were considered outliers and were subsequently removed. To illustrate this process, we
use the Burgos (bu) site as an example to demonstrate the contrast before and after the
removal of abnormal values (Figure 2). The m ± σ changes from 406.629 ± 1.581 ppm to
406.632 ± 1.526 ppm after the removal of outliers, with the total number of observations
going from 36,163 to 36,043 (0.3% of the data was excluded).

Table 2. TCCON site information used in our study and the number of pairs matched with satellites.

Sites Name Abb Locating
(Long, Lat)

NC with
GOSAT

NC with
OCO-2

NC with
TANSAT Reference

Anmyeondo an 126.33◦E, 36.54◦N 4 - - [57]
Bialystok bi 23.02◦E, 53.23◦N 8 2 - [58]
Burgos bu 120.65◦E, 18.53◦N 6 9 - [59]
Caltech ci 118.13◦W, 34.14◦N 102 8 2 [60]
Darwin db 130.89◦E, 12.43◦S 43 4 10 [61]
Dryden df 117.88◦W, 34.96◦N 48 3 - [62]

East Trout Lake et 104.99◦W, 54.36◦N - 8 4 [63]
Eureka eu 86.42◦W, 80.05◦N - 2 - [64]

Garmisch gm 11.06◦E, 47.48◦N 8 2 - [65]
Hefei hf 117.17◦E, 31.9◦N 2 - 2 [66]
Izana iz 16.5◦W, 28.31◦N - 2 - [67]

PL, Pasadena jf 118.18◦W, 34.2◦N 198 17 2 [68]
Saga js 130.29◦E, 33.24◦N 33 8 - [69]

Karlsruhe ka 8.44◦E, 49.1◦N 6 12 - [70]
Lauder ll 169.68◦E, 45.04◦S 42 12 5 [71]

Ny-Ålesund ny 11.92◦E, 78.92◦N - - 2 [72]
Lamont oc 97.49◦W, 36.6◦N 59 31 10 [73]
Orléans or 2.11◦E, 47.96◦N - 2 - [74]

Park Falls pa 90.27◦W, 45.94◦N 14 9 8 [75]
Paris pr 2.36◦E, 48.85◦N 1 4 - [76]

Reunion Island ra 55.48◦E, 20.9◦S - 4 1 [77]
Rikubetsu rj 143.77◦E, 43.46◦N 2 6 - [78]
Sodankylä so 26.63◦E, 67.37◦N 12 4 3 [79]
Tsukuba tk 140.12◦E, 36.05◦N 53 11 - [80]

Wollongong wg 150.88◦E, 34.41◦S 4 10 1 [81]
Zugspitze zs 10.98◦E, 47.42◦N 5 7 2 [82]

Note: Abb: Abbreviation; NC: Number of Collocations.
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2.2.2. Spatiotemporal Collocation Criterion for Intercomparison among Satellites

Table 1 illustrates the differences in footprint (spatial resolution) between the three
carbon satellites. To facilitate their intercomparison, we calculated the counts of values
and XCO2 within each 1◦ × 1◦ spatial resolution grid. This choice aligns with the typical
resolution used in most global models, which is 1◦ × 1◦. Our approach involved the
following steps: (1) We counted the number of data points within each 1◦ × 1◦ spatial
range and sum points at the same latitude to analyze differences at varying latitudes for all
three satellites. (2) For XCO2, we first identified all XCO2 values within each 1◦ × 1◦ range
and then computed their average to obtain grid-level values. We also calculated the mean
values of XCO2 and standard deviations at different latitudes. (3) When analyzing the
difference in XCO2 (∆XCO2) between two satellites, we directly employed the difference
method as shown in Equation (1) for each corresponding grid. To compare differences
across different latitude bands, we averaged the differences of all grids within each latitude
band and examined their variation with latitude. (4) Regarding the time scale, we analyzed
the point counts and XCO2 values of each satellite in four periods (seasons): December,
January, February (DJF); March, April, May (MAM); June, July, August (JJA); and September,
October, November (SON).

∆XCO2 = XCO2s1 − XCO2s2 (1)

where s1 and s2 represent any two satellites in GOT that we use to calculate their XCO2
difference.

2.2.3. Matching Criteria for Satellites and TCCON

When matching the XGOT data with TCCON, we followed these steps: (1) Spatial
Matching: Initially, we identified the location of each TCCON site. Next, we centered
each point within a 1◦ × 1◦ spatial range and retrieved the XCO2 values from the satellites
within that range. These values were then averaged to create a spatial match. (2) Temporal
Matching: Given that there were fewer or even no matching points on a per-minute scale,
we matched the satellite data with a time range of ±30 min based on the acquisition time at
the TCCON site. These values were averaged to form the final value for matching with
TCCON. (3) Averaging: Since TCCON data are high-frequency values, we averaged the
TCCON data and matched satellite values every half hour, starting at 0:00 UTC on 1 March
2017, to obtain the final results for analysis. (4) Additionally, to assess the proximity of
satellite values to TCCON data at hemispherical scale, we calculated the differences in
matching pairs for the Northern Hemisphere (NH) and Southern Hemisphere (SH).

2.2.4. Disparity Assessment

We used four indices, namely coefficient of determination (R2), root mean square error
(RMSE), expectation (x), and standard deviation (σ) to evaluate the ∆XCO2 from satellites
and TCCON. The mathematical expressions for these indices are as follows:

R2 = 1− ∑n
i=1
(
Yi − Ŷi

)2

∑n
i=1
(
Yi − Yi

)2 (2)

RMSE =

√
1
n ∑n

i=1(Xi − Yi)
2 (3)

where n represents the total matching number, X is the XCO2 from the satellite, Y is the
XCO2 from TCCON, Ŷi is the predicted value of Y, and Yi is the mathematical expectation
of Y.

Concerning x and σ, they satisfy the formula for the normal distribution:

f(x) =
1√
2πσ

e−
(x−x)2

2σ2 (4)
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where x is the differences of XCO2 between TCCON and satellite from collocation, x
represents the mean value of ∆XCO2, and σ represents the standard deviation, respectively.

3. Results
3.1. Spatial Coverage Characteristics of XCO2 from Satellites

GOT consists of different observation programs, leading to variability in the amount of
observational data and spatial coverage. GOSAT employs discrete sampling points for its
observations, limiting its ability to continuously monitor space and providing only limited
spatial coverage. In contrast, OCO-2 and TANSAT use narrow-amplitude (10–25 km)
continuous pixel observations facilitated by high-resolution raster spectroscopy. However,
there is a noticeable observational gap area between their orbital paths [83]. Figure 3
displays the spatial distribution of the original scattered XCO2 data, revealing significant
disparities between the GOT platforms. GOSAT has a northeast–southwest orientation,
while OCO-2 and TANSAT direct their observations in the northwest–southeast direction.
Additionally, it is evident that GOSAT has the largest orbital gaps, followed by TANSAT,
whereas OCO-2′s annual XCO2 data can almost cover the entire terrestrial area. Since
the inversion algorithm of TANSAT is primarily for land areas, there is no coverage over
the oceans.

Figure 4a1–a12 displays the spatial distribution of point counts within each 1◦ × 1◦

grid for the three satellites in four periods. Figure 4b1–b12 shows the total counts of XCO2
points in each latitude band. It is important to note that, due to the extensive volume of
data from OCO-2, we applied a logarithmic transformation with a base of 100 to map the
spatial distribution of scatter counts.
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December, January, February.

From the perspective of the spatial distribution of point counts, we can observe a
significant degree of similarity among the GOT satellites, except in northern South America,
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where GOSAT has a lower volume of XCO2 data in all four periods. Similarly, TANSAT
exhibits a lower volume of XCO2 data in northern Africa during MAM, JJA, and SON.

When examining the counts in each latitude band, the GOT satellites show consistent
distribution patterns with seasonal variations. For example, except for the Antarctic
and Arctic regions, it is evident that all the satellites have limited data near the equator
throughout the four periods, while data volume peaks in the NH and SH. In the NH, these
peaks are predominantly concentrated within the latitudinal range of 30–45◦N. Meanwhile,
in the SH, the peaks are primarily concentrated between 20–30◦S.

There are also disparities in the distribution of XCO2 counts between the GOT satel-
lites. Firstly, the XCO2 data volume from OCO-2 is approximately 100 times larger than
that of the other two satellites, and TANSAT’s data volume is roughly twice that of GOSAT.
Secondly, GOSAT and OCO-2 exhibit similar data distribution patterns across all four
periods, whereas the TANSAT satellite shows significant variations in data quantity dis-
tribution. Notably, TANSAT’s data volume reaches its peak during JJA and experiences a
significant reduction during DJF. Thirdly, during JJA, TANSAT’s data shows the highest
volume around 70◦N, a characteristic not exhibited by GOSAT and OCO-2. Finally, during
DJF, TANSAT’s data is scarce in the SH.
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3.2. The Intercomparison of XCO2 from Satellites
3.2.1. Comparison of XCO2: Seasonal, Spatial, and Latitudinal Aspects

Figure 5 compares the XGOT from seasonal, spatial, and latitudinal aspects. We
initially evaluated the XGOT data in four periods. Figure 5a illustrates that XGOT exhibits
a consistent seasonal variation pattern across all four periods. Specifically, XGOT has the
lowest values in JJA (402.72 ppm, 403.76 ppm, and 403.74 ppm for GOT, respectively),
followed by SON (403.39 ppm, 4.4.05 ppm, and 404.07 ppm), with the highest values
occurring in DJF (405.74 ppm, 405.98 ppm, and 407.14 ppm). Furthermore, the XCO2 values
of TANSAT are consistently higher than those of OCO-2 throughout all periods, while
GOSAT consistently exhibits the lowest values. Moreover, the standard error of TANSAT is
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the largest, while OCO-2 has the smallest standard error, reflecting the relative consistency
of the XCO2 data to some extent.

From a spatial distribution perspective (Figure 5b1–b12), it is evident that XGOT
exhibits similar spatial distribution characteristics. In MAM and DJF, human activities
such as industrial activities and fossil fuel combustion contribute to a noticeable increase in
global CO2 concentration in the NH compared to the SH. However, with the onset of JJA, the
photosynthetic efficiency of terrestrial vegetation in the NH leads to a substantial reduction
in XCO2 values, effectively reflecting the ‘carbon sequestration’ effect of ecosystems with
seasonal changes.
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Figure 5. (a) The mean value of XCO2 for four periods of GOSAT, OCO-2, and TANSAT; the black
lines above the histogram represent the standard error of XCO2 for each satellite during each period.
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four periods of three satellites. In (b13–b24), the dark blue line represents the average value of XCO2

in latitudes with 1◦ intervals, and the light blue area indicates one standard deviation on either side
of the mean value.
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Analyzing XGOT in terms of latitude at 1◦ intervals (Figure 5b13–b24), we observed
some common characteristics in all periods. For instance, during MAM and DJF, XCO2
values in the NH are higher than those in the SH. Additionally, in MAM and JJA, XCO2
values in the NH are slightly lower than those in the SH. Moreover, all three satellites
indicate that the standard deviation of XCO2 in the NH is greater than that in the SH
during all periods (the area shaded in light blue is larger in the NH), indicating a larger
dispersion of XCO2 data in the NH. Simultaneously, small differences within the XGOT data
have emerged. For example, in the NH during MAM and DJF, XGOT gradually increases
northward overall, with TANSAT having a reduction between 30–60◦N when compared to
the other two satellites. Moreover, GOSAT’s XCO2 data exhibit more variability across all
latitudes, which may be a feature of the discrete sampling that GOSAT uses.

3.2.2. Comparison of ∆XCO2: Seasonal, Spatial, and Latitudinal Aspects

Figure 6 compares the ∆XCO2 from seasonal, spatial, and latitudinal aspects be-
tween satellites. Figure 6a reveals that ∆XCO2 of GOT (∆XGOT) remains relatively small
(<1.5 ppm) throughout all periods. However, it exhibits some seasonal variation, with the
difference being more pronounced in MAM and DJF (the biggest difference was between
GOSAT and TANSAT at −1.33 ppm and −1.43 ppm, respectively) compared to JJA (the
biggest difference between GOSAT and OCO-2: −0.95 ppm) and SON (the biggest differ-
ence between GOSAT and TANSAT: 0.84 ppm). Additionally, ∆XCO2 between GOSAT and
TANSAT shows significance across all periods (highlighted in purple), with an average an-
nual difference of −1.13 ppm. The difference between OCO-2 and TANSAT is the smallest,
except in DJF, with an average annual ∆XCO2 of −0.47 ppm. The average annual ∆XCO2
between GOSAT and OCO-2 is −0.62 ppm.

The spatial distribution maps of ∆XGOT were calculated to analyze their spatial dif-
ferences (Figure 6b1–b12). Overall, the ∆XCO2 between GOSAT and the other satellites
exhibits similar characteristics in all four periods, with relatively small differences and no
significant seasonal changes. However, there is some seasonal variation and variability
in ∆XCO2 between OCO-2 and TANSAT. During JJA in the NH, TANSAT’s XCO2 val-
ues were higher than OCO-2, and a similar phenomenon occurred in SON, albeit with
weaker intensity.

To compare ∆XGOT at different latitudes, we calculated the mean ∆XCO2 for each
latitude band at 1◦ intervals (Figure 6b13–b24). In general, the ∆XCO2 across latitude
bands for all three satellites remained within ±4 ppm. The difference between GOSAT
and OCO-2 was the smallest, especially during DJF, suggesting that these two satellites
exhibited greater consistency in their XCO2 values. In contrast, ∆XCO2 between TANSAT
and both GOSAT and OCO-2 was much larger. The ∆XCO2 between GOSAT and OCO-2
was predominantly negative (Figure 6b13–b16) in all four periods, indicating that GOSAT’s
XCO2 values were consistently lower than those of OCO-2. GOSAT’s XCO2 values were
also consistently lower than those of TANSAT throughout the year, and this difference
was more pronounced compared to OCO-2. However, the difference between OCO-2
and TANSAT exhibited noticeable seasonal and latitudinal variations. For example, in
MAM and DJF, ∆XCO2 was primarily negative, indicating that TANSAT’s values were
larger than OCO-2 in these two periods. However, in JJA and SON there were differences
between the NH and SH. In the NH (e.g., 45◦–75◦N), ∆XCO2 was positive, indicating that
OCO-2’s values were larger than TANSAT’s. In the SH (e.g., 0◦–60◦S), ∆XCO2 was negative,
indicating that OCO-2’s values were smaller than TANSAT’s.
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3.3. Evaluation of ∆XCO2 between Satellites and TCCON
3.3.1. Evaluation of ∆XCO2 at Annual Scale

TCCON serves as a valuable source of ground-based data for validating satellite
XCO2. Figure 7a1–a3 displays the validation plot of TCCON XCO2 (XTCCON) against
the matched XGOT data. GOSAT had the largest number of collocations (N = 650), while
TANSAT had the least amount of data (N = 52). The fitted lines for the collocation data of
all three satellites closely follow a 1:1 relationship, indicating that the XCO2 obtained from
satellite inversions is highly accurate. When analyzing the two parameters, R2 and RMSE,
TANSAT exhibited the highest accuracy (with the largest R2 of 0.880 and the smallest RMSE
of 1.055), followed by OCO-2 (R2 = 0.817, RMSE = 1.067), and GOSAT demonstrated the
lowest accuracy with an R2 of 0.808 and an RMSE of 1.226.

Figure 7b1–b3 displays the frequency distribution of ∆XCO2, the difference between
TCCON XCO2 and satellite-derived XCO2. The frequency distributions of ∆XCO2 are all
normally transformed and fitted to the line using Equation (4). All ∆XCO2 values are
within the range of ±4 ppm. GOSAT had an x value of 0.319, which is greater than 0,
suggesting that GOSAT’s inversion underestimates XCO2 compared to TCCON. The x
values for OCO-2 and TANSAT are both less than 0, indicating that the inverted XCO2
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values from both satellites are higher than those of TCCON. In terms of x and σ parameters,
OCO-2 exhibited the highest XCO2 accuracy (x is closest to 0 and σ is smallest), followed
by TANSAT, while GOSAT had the lowest accuracy.

3.3.2. Evaluation of ∆XCO2 at Seasonal and Hemispheric Scales

Considering the limited number of collocations, we used NH and SH averages to
analyze the ∆XCO2 between TCCON and the satellites during all periods. As depicted
in Figure 8, the ∆XCO2 values between TCCON and the satellites exhibited hemispheric
divergence and seasonal variability. It is worth noting that TANSAT had no matched
pair data in the SH during DJF. Overall, the satellites had more matches with TCCON
in the NH, resulting in a more scattered ∆XCO2 pattern (Figure 8a1–c4). Regarding the
disparities between the NH and SH (Figure 8d1–d4), TANSAT showed the largest disparity,
as indicated by the green bars changing direction between the hemispheres (Figure 8d1,d2)
and displaying a substantial difference (Figure 8d3). In contrast, OCO-2 exhibited the
smallest ∆XCO2 between the NH and SH, with orange bars clustered near ∆XCO2 = 0
(Figure 8d1–d4). Concerning seasonal variability (Figure 8d1–d4), the satellites were closest
to TCCON values in JJA and SON but showed more significant differences from TCCON
values in MAM and SON.

Remote Sens. 2023, 15, x FOR PEER REVIEW  14  of  22 
 

 

 

Figure 7. Scatter plot of the collocations of TCCON and XCO2 from GOSAT (a1), OCO-2 (a2), and 

TANSAT (a3), using the 1° × 1° and ±30 min coincidence criteria. The blue dashed line is the one-to-

one reference line, and the dark red solid line is the fitted line for the scatter with the corresponding 

regression formula shown in the Figure. N represents the number of matched collocations, R2 rep-

resents the determination coefficient, and RMSE is the root mean square error. (b1–b3) Plots of the 

frequency distribution of ΔXCO2  for TCCON versus  the  three satellites. The red solid  line  is  the 

fitted line of the frequency distribution using Equation (4), the red dashed line corresponds to the 

�̅�  value (expectation) in the plot, and  𝜎  is the standard deviation. 

Figure 7b1–b3 displays the frequency distribution of ΔXCO2, the difference between 

TCCON XCO2 and satellite-derived XCO2. The frequency distributions of ΔXCO2 are all 

normally  transformed  and fitted  to  the  line using Equation  (4). All  ΔXCO2 values  are 

within  the  range of ±4 ppm. GOSAT had an  �̅�  value of 0.319, which  is greater  than 0, 

suggesting  that GOSAT’s  inversion underestimates XCO2 compared  to TCCON. The  �̅� 
values  for OCO-2 and TANSAT are both  less  than 0,  indicating that  the  inverted XCO2 

values  from  both  satellites  are  higher  than  those  of  TCCON.  In  terms  of  �̅�   and  𝜎 
parameters, OCO-2  exhibited  the  highest  XCO2  accuracy  ( �̅�   is  closest  to  0  and  𝜎   is 
smallest), followed by TANSAT, while GOSAT had the lowest accuracy. 

3.3.2. Evaluation of ΔXCO2 at Seasonal and Hemispheric Scales 

Considering  the  limited number of collocations, we used NH and SH averages  to 

analyze the ΔXCO2 between TCCON and the satellites during all periods. As depicted in 

Figure 8, the ΔXCO2 values between TCCON and the satellites exhibited hemispheric di-

vergence and seasonal variability. It is worth noting that TANSAT had no matched pair 

data in the SH during DJF. Overall, the satellites had more matches with TCCON in the 

NH,  resulting  in  a  more  scattered  ΔXCO2  pattern  (Figure  8a1–c4).  Regarding  the 

Figure 7. Scatter plot of the collocations of TCCON and XCO2 from GOSAT (a1), OCO-2 (a2), and
TANSAT (a3), using the 1◦ × 1◦ and ±30 min coincidence criteria. The blue dashed line is the one-to-
one reference line, and the dark red solid line is the fitted line for the scatter with the corresponding
regression formula shown in the Figure. N represents the number of matched collocations, R2

represents the determination coefficient, and RMSE is the root mean square error. (b1–b3) Plots of
the frequency distribution of ∆XCO2 for TCCON versus the three satellites. The red solid line is the
fitted line of the frequency distribution using Equation (4), the red dashed line corresponds to the x
value (expectation) in the plot, and σ is the standard deviation.
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Regarding XGOT, TANSAT displayed significantly larger ∆XCO2 values compared
to the other satellites in MAM and DJF, indicating that TANSAT had lower values than
TCCON in these two periods. However, in SON, ∆XCO2 was smaller compared to the two
other satellites, indicating that the XCO2 values were higher than those of TCCON in this
period. For GOSAT, all four periods exhibited ∆XCO2 > 0 (c), suggesting that its values
were lower than those of TCCON. For OCO-2, ∆XCO2 < 0 in most periods, except for
∆XCO2 > 0 in JJA, indicating that it was underestimated in JJA and overestimated during
other periods compared to TCCON, but the degree of underestimation and overestimation
was relatively low.
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Figure 8. Data distribution of XCO2 differences (∆XCO2) between TCCON and GOSAT, OCO-2, and
TANSAT over four periods and the NH and SH (a1–c4). NH: Northern Hemisphere, SH: Southern
Hemisphere. Note: The box has three lines, from bottom to top, referring to the quarter-quartile,
median, and three-quarter-quartile. The top line is the maximum value in the non-anomalous range,
the bottom line is the minimum value in the non-anomalous range, and the red cross symbols are the
abnormal values. (d1–d4) The mean values of ∆XCO2 over four periods in the NH and SH. TANSAT
has no matching data for the SH in DJF.

4. Discussion and Conclusions
4.1. Discussion and Recommendation

Analysis of XCO2 data frequently involves the comparison of observational data
collected from multiple satellite platforms. Investigating the disparities between them to
understand the global spatial distribution of CO2 has important implications for insights
into mitigation measures. Previously, extensive studies have been conducted in this area.
In this context, our study adds a comparative analysis to the existing findings. Our results
revealed that GOSAT had the lowest XCO2 values, while TANSAT had the highest XCO2
values as illustrated in Figure 5a. Moreover, the annual difference between GOSAT and
OCO-2 was −0.62 ppm as demonstrated in Figure 6a. A similar result was reported
previously [84]; the authors found the mean biases and standard deviations of GOSAT and
OCO-2 are −0.57 ± 3.33 ppm over land. In addition, it was found that the GOSAT and
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OCO-2 XCO2 retrievals agree well in general, with a mean bias ± standard deviation of
−0.21 ± 1.3 ppm [36]. These results were in line with the previous studies.

In the context of TCCON evaluation, we chose spatial and temporal collocation criteria:
a 1◦ × 1◦ box with TCCON at its center and within 30 min. The upside of such a choice is
the avoidance of additional collocation errors in our comparison results, and this criterion
is consistent with the spatiotemporal resolution of the assimilated data required for our
subsequent studies. The downside is a very limited dataset which effectively limits the
analysis to seasonal, NH/SH aggregated data only. Another potential source of bias is that
with strict criteria only a handful of stations effectively dominate the dataset, erroneously
assuming that these (sometimes very local) measurements represent an entire hemisphere.
For example, if we look at GOSAT collocations 300 of the 650 (all) or 561 (NH) collocated
data points originate from the city of Los Angeles (Caltech and Pasadena), a highly polluted
urban site, confined within the Los Angeles basin, and thus hardly representative of an
entire hemisphere.

Despite the drawbacks, this study found that the RMSE values for GOSAT, OCO-2, and
TANSAT with respect to TCCON were 1.226 ppm, 1.067 ppm, and 1.055 ppm, respectively
(as shown in Figure 7a1–a3). These results align with previous findings. For instance, a
comparison of XCO2 data from OCO-2 with TCCON reported RMSE differences of less
than 1.5 ppm [85]. Similarly, XCO2 measurements from GOSAT and OCO-2 were 1.8 ppm
and 1.76 ppm higher than the FTS measurements within a ±1◦ range centered on the
ground-based FTS site in Beijing [86]. In our study, while the XCO2 values from OCO-2
were higher than XTCCON, GOSAT’s XCO2 was lower than XTCCON. It is worth noting
that negative systematic biases were identified in the XCO2 measurements from OCO-2
in nadir modes at most TCCON sites [9]. Our study revealed a systematic bias between
OCO-2 and TCCON of 0.068 (as shown in Figure 7b2). These varying conclusions suggest
that differences in results can be attributed to the use of different TCCON observations (e.g.,
the number of TCCON sites, and the algorithm version of TCCON data) for comparison.
Additionally, variations in results can be linked to the temporal range of the data. Therefore,
it is crucial to conduct comparisons with TCCON using continuous measurements to
evaluate the quality of satellite-derived XCO2 data throughout their missions.

When comparing XCO2 differences with TCCON at a hemispherical scale in four
periods, the limitations of collocations between TANSAT and TCCON result in higher
variations in the two hemispheres compared to GOSAT and OCO-2. A comparison of XCO2
data from OCO-2 with XTCCON using different latitude zones found that in the mid–low
latitudes OCO-2 data yielded good results in filtering and bias correction. However, in the
high latitudes of the NH and SH, bias correction still required improvement [39]. In the
future, multi-year XCO2 data from satellites should be used to evaluate differences with
TCCON in different latitude bands, not just on a hemispheric scale.

Regarding comparisons across different latitude bands, we conducted an intercom-
parison of XGOT using latitude bands with a 1◦ interval. While our global-scale analysis
showed that ∆XCO2 between OCO-2 and TANSAT is small during JJA and SON (as de-
picted in Figure 6a), a more detailed examination revealed significant differences in ∆XCO2
between the SH and NH (Figure 6b). In essence, the global perspective can mask regional
variations in ∆XCO2 due to the opposite signs of ∆XCO2 between the hemispheres. This
underscores the importance of conducting more detailed analyses to gain a more accurate
understanding of the sources of data errors and establish a foundation of higher accuracy
and reliability for future research and data applications.

Based on our current research findings, we propose several future research prospects.
Firstly, we recommend an extended analysis of data over a longer period to obtain a
comprehensive understanding of XCO2 variability. Secondly, we advocate for an in-depth
exploration of the sources of XCO2 errors, focusing on factors such as latitude, surface
properties, and the influence of aerosol scattering. This analysis has the potential to
improve inversion algorithms and enhance product quality. Furthermore, we encourage
the utilization of these data in assimilation systems for flux inversion. This could lead to
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more accurate estimates of carbon flux and contribute valuable insights to the scientific
community in resolving ongoing debates in flux estimation [32,83]. Our study plays a
crucial role in evaluating how the integration of XGOT into assimilation systems influences
the distribution of inversion flux results.

4.2. Conclusions

GOT have emerged as popular satellites for specialized global CO2 distribution de-
tection. This study conducts comprehensive cross-comparisons of ACOS_L2_Lite_FP V9r
for GOSAT, OCO-2_L2_Lite_FP V10r for OCO-2, and IAPCAS V2.0 for TANSAT over land
areas. The primary focus is on data quantity patterns and XCO2 variability with spatial,
seasonal, and 1◦ latitude interval variations. Moreover, to gauge the accuracy, TCCON data
were employed to assess GOT’s performance at annual, seasonal, and hemispheric scales.
The principal findings can be summarized as follows:

Observational Strategies and Spatial Coverage Differences: Noticeable differences
exist in the observational strategies and spatial coverage of the three satellites. GOSAT relies
on discrete sampling points, limiting its coverage and leading to significant orbital gaps.
Conversely, OCO-2 and TANSAT employ continuous pixel-level observations, resulting
in more extensive coverage. Particularly noteworthy is OCO-2′s data volume, which is a
hundredfold greater than the combined output of the other two satellites, while TANSAT
records a data volume twice that of GOSAT. All three satellites exhibit data volume peaks
between 30–45◦N and 20–30◦S, with relatively fewer data points near the equator. With
the exception of TANSAT, which shows limited data during DJF, data volumes remain
relatively consistent across all periods.

Seasonal XCO2 Measurements: The XGOT display similar seasonal variations, with
the lowest values during JJA (402.72–403.74 ppm) and the highest values during DJF
(405.74–407.14 ppm). TANSAT consistently records the highest XCO2 values within each
period, while GOSAT consistently reports the lowest values. When assessing latitude
bands, the highest XCO2 values for all satellites are observed within the 0–30◦N range.
During MAM and DJF, the NH exhibits higher concentrations than the SH, whereas the
reverse pattern is observed during JJA and SON.

Inter-satellite ∆XCO2 Comparisons: The study reveals that the lowest ∆XCO2 values
between GOT are observed in SON (the biggest difference was −0.84 ppm between GOSAT
and TANSAT), while the highest occurs in DJF (the biggest difference was −1.33 ppm
between GOSAT and TANSAT). The ∆XCO2 value between OCO-2 and TANSAT is the
smallest (−0.47 ppm), whereas the ∆XCO2 of GOSAT and TANSAT appears the highest
(−1.13 ppm). The ∆XCO2 between GOSAT and the other two satellites uniformly underes-
timates values across different latitude bands. However, the ∆XCO2 between OCO-2 and
TANSAT exhibits latitude band variations, particularly during JJA and SON. Specifically, in
the NH during JJA and SON, TANSAT values are noticeably higher than OCO-2, while the
SH reflects the opposite phenomenon. Importantly, when comparing data from different
satellite sources, comprehensive analyses at appropriate temporal and spatial scales are
crucial for accurate results. Furthermore, all three satellites demonstrate good accuracy
when compared with TCCON data, with R2 values exceeding 0.8, and the maximum RMSE
observed in GOSAT is 1.226 ppm.

These findings collectively enhance our understanding of the role of GOT data in
the global carbon cycle, enriching insights into carbon cycle dynamics and aiding climate
change mitigation efforts. Despite some differences among GOT, they all provide accurate
inversion results. This study offers a detailed analysis of the consistency of XCO2 products
from GOT, contributing to the analysis of global CO2 concentration characteristics. Addi-
tionally, it provides valuable references for selecting data for incorporation into assimilation
inversion systems and supports attribution analyses of spatial flux inversion.
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