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Ground observations can capture CO2 concentrations accurately but the number of available TCCON (Total Car-
bon Column Observing Network) sites is too small to support a comprehensive analysis (i.e. validation) of satel-
lite observations. Atmospheric transport models can provide continuous atmospheric CO2 concentrations in
space and time, but some information is difficult to generate with model simulations. The HASM platform can
model continuous column-averaged CO2 dry air mole fraction (XCO2) surface taking TCCON observations as its
optimum control constraints and an atmospheric transport model as its driving field. This article presents a com-
parison of the satellite observations with a HASM XCO2 surface obtained by fusing TCCON measurements with
GEOS-Chem model results. We first verified the accuracy of the HASM XCO2 surface using six years (2010–
2015) of TCCON observations and the GEOS-Chemmodel XCO2 results. The validation results show that the larg-
est MAE of bias between the HASM results and observations was 0.85 ppm and the smallest MAE was only
0.39 ppm. Next, we modeled the HASM XCO2 surface by fusing the TCCON measurements and GEOS-Chem
XCO2 model results for the period 9/1/14 to 8/31/15. Finally, we compared the GOSAT and OCO-2 observations
with the HASM XCO2 surface and found that the global OCO-2 XCO2 estimates more closely resembled the
HASM XCO2 surface than the GOSAT XCO2 estimates.
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1. Introduction

GOSAT L2 XCO2 readings from 9/1/14 to 8/31/15.

GOSAT XCO2

Number Min (ppm) Max (ppm) Mean (ppm) Std (ppm)

2014 September 22,205 376.23 406.23 394.13 2.24
October 7748 376.23 402.50 394.11 1.96
November 6907 386.96 406.23 394.85 2.19
December 11,771 387.33 411.05 395.96 3.07

2015 January – – – – –
February 8685 387.33 411.05 396.11 3.09
March 21,782 370.49 414.68 397.54 2.95
April 6372 370.49 414.68 397.80 2.92
May 7365 389.99 410.00 398.31 2.81
June 26,375 382.49 409.83 396.32 2.80
July 9290 383.01 409.17 396.02 2.88
August 9153 382.49 409.83 395.89 2.83

Table 2
OCO-2 L2 XCO2 readings from 9/1/14 to 8/31/15.

OCO-2 XCO2

Number Min (ppm) Max (ppm) Mean (ppm) Std (ppm)

2014 September 250,414 387.42 401.30 395.77 1.02
October 34,356 391.60 401.01 395.53 0.89
November 107,061 387.42 401.30 396.03 0.78
December 380,597 390.13 403.80 396.45 0.84

2015 January 89,219 390.67 402.23 396.48 0.76
February 147,529 390.13 403.02 396.34 0.96
March 178,943 390.66 405.82 397.07 1.38
April 47,624 392.88 404.49 397.31 1.38
May 16,254 393.65 405.82 398.45 1.50
June 73,722 388.68 405.83 398.59 1.55
July 24,319 388.68 404.52 398.54 1.51
August 28,152 390.42 405.83 398.18 1.41
Anthropogenic greenhouse gas emissions led by CO2 have increased
dramatically since the pre-industrial period and grew 2.0 ± 0.1 ppm/-
year for period 2002–2011 (IPCC, 2014).

The global monitoring of CO2 from space at high spatiotemporal res-
olution is supposed to deepen our knowledge of the seasonal cycles of
carbon sources, sinks and their global distribution (Rayner and
O'Brien, 2001; Chevallier et al., 2007, 2009; Yoshida et al., 2011, 2012;
Yue et al., 2016). The SCIAMACHY (Scanning Imaging Absorption Spec-
trometer for Atmospheric Cartography) instrument on ENVISAT (March
2002–April 2012) was the first satellite instrument to gather shortwave
infrared (SWIR) and near-infrared (NIR) measurements of XCO2

(Burrows et al., 1995; Bovensmann et al., 1999). There are three satel-
lites orbiting the Earth that measure reflected solar radiation and sup-
port the retrieval of XCO2 in the near infrared spectral region: the
GOSAT (Kuze et al., 2009; Yoshida et al., 2011), OCO-2 (Crisp et al.,
2004; Boesch et al., 2011), and TanSat (Liu et al., 2014; Liu and Yang,
2016; Zhang et al., 2016) satellites launched in April 2009, July 2014,
and December 2016, respectively.

We need to evaluate qualities of these satellite observations.
Ground-basedmeasurements have been widely used to evaluate sat-
ellite observations (e.g. Bosch et al., 2006; Reuter et al., 2011;
Yoshida et al., 2013; Lei et al., 2014; Zhao et al., 2017). The network
of ground-based Fourier Transform Spectrometers, TCCON (Wunch
et al., 2011), records direct solar spectra within the near-infrared
spectral region where accurate and precise XCO2 are retrieved.
TCCON provides a limited but valuable resource for validating the
satellite observations given the relatively low number of stations
and their locations far away from anthropogenic emission sources
and human activity (Lei et al., 2014). Atmospheric transport models,
such as the GEOS-Chem (Bey et al., 2001: Suntharalingam et al.,
2004; Baker et al., 2006) global 3-D chemical transport model for at-
mospheric composition driven by meteorological inputs, have also
played a valuable role in the study of atmospheric CO2 concentra-
tions (Barkley et al., 2006; Reuter et al., 2011; Shim et al., 2011; Lei
et al., 2014; Belikov et al., 2014). These models have limitations as
well and in one such study, Feng et al. (2011) showed that model
simulated CO2 columns could not reproduce the magnitude of the
minima during the growing season.

Ground observation makes it possible to obtain accurate data; how-
ever, regional observations are too sparse to validate satellite observa-
tions that offer global coverage. Model simulation results can obtain
spatially continuous earth surface information, but some detailed infor-
mation is difficult to gather from model simulations. The HASM (Yue,
2011; Yue et al., 2015) platform uses the fundamental theorem of sur-
faces to solve of earth surface modeling problems. One surface is
uniquely defined by the first fundamental coefficients describing details
of the surface observed when we are on the surface, while the second
describes the change of the surface observed from outside
(Henderson, 1998). The global approximate results simulated by the
model are regarded as the driving field by HASM and locally accurate
ground observation data is considered as the optimum control con-
straints. HASM can take full advantage of the GEOS-Chem model simu-
lations and TCCON observations to simulate a high accuracy and
continuous XCO2 surface, which can then be deployed and used to un-
derstand and characterize the uncertainties of the XCO2 satellite
observations.

That said, the remainder of the article is structured as follows.
Section 2 explains thematerials andmethods used for the study, includ-
ing the GOSAT, OCO-2, and TCCON XCO2 observations, the GEOS-Chem
model, the HASM method and experimental workflow. Section 3 first
verifies the HASM method and then uses it to model the XCO2 surface
with high accuracy and evaluate the efficacy of the GOSAT and OCO-2
XCO2 observations. And Section 4 provides a discussion of the results,
concludes the article and discusses future work.
2. Materials and methods

We evaluated the GOSAT and OCO-2 satellite observations from 9/1/
14 to 8/31/15 using a high accuracy XCO2 surface. We used HASM to
simulate the high accuracy XCO2 surface (HASM XCO2), taking the
GEOS-Chem model results (GEOS-Chem XCO2) as the driving field and
TCCON measurements (TCCON XCO2) as the optimum control con-
straints. We then compared the GOSAT and OCO-2 measurements
(GOSAT XCO2 andOCO-2 XCO2)with theHASMXCO2 surface to analyze
the global monthly and annual bias distributions and assess the efficacy
of using these satellite observations to monitor XCO2 across different
continents, latitude and longitude zones.
2.1. GOSAT XCO2

GOSAT was jointly developed by the Japanese Ministry of the Envi-
ronment, National Institute for Environmental Studies, and Japan Aero-
space Exploration Agency to monitor global distributions of CO2 and
CH4 (methane). GOSAT was placed in a sun-synchronous orbit with 3-
day recurrence at an altitude of 666 km and descending node around
12:48 local time equipped with the TANSO-FTS (the Thermal and Near
infrared Sensor for carbon Observation-Fourier Transform Spectrome-
ter) and TANSO-CAI (the Cloud and Aerosol Imager) instruments
(Kuze et al., 2009).

Measuring solar light reflected from the Earth's surface in the short-
wave infrared region (centered at 0.76, 1.6 and 2.0 μm) with two or-
thogonal linear polarizations that are designated as “P” and “S”,
TANSO-FTS also receives thermal radiation from the thermal infrared
region (5.5 to 14.3 μm). With the repeating 3-day orbital cycle, GOSAT
observes the spectra using single soundings and a footprint that mea-
sures 10.5 km on a side. Column-averaged dry-air fractions of CO2



Fig. 1. Distribution of TCCON sites (https://tccon-wiki.caltech.edu/Sites).

Table 3
TCCON site details.

Number Sites Starting date Latitude (°) Longitude (°) Latitude (km)

1 Anmyeondo, Korea Aug-2014 36.5382N 126.3311E 0.030
2 Ascension Island May-2012 7.9165S 14.3325W 0.01
3 Bialystok, Poland Mar-2009 53.23N 23.025E 0.18
4 Bremen, Germany Jul-04 53.10N 8.85E 0.027
5 Pasadena/Caltech, USA Sep-2012 34.136N 118.127W 0.230
6 Darwin, Australia Jul-2015 12.45606S 130.92658E 0.037
7 Edwards/Dryden, USA Jul-2013 34.958N 117.882W 0.699
8 Eureka, Canada Aug-2006 80.05N 86.42W 0.61
9 Garmisch, Germany Jul-2007 47.476N 11.063E 0.74
10 Izana, Tenerife May-2007 28.3N 16.5W 2.37
11 Karlsruhe, Germany Sep-2009 49.100N 8.439E 0.116
12 Lamont, USA Jul-2008 36.604N 97.486W 0.32
13 Lauder, New Zealand Feb-2010 45.038S 169.684E 0.37
14 Manaus, Brazil Jun-2014 3.2133S 60.5986W 0.05
15 Ny Alesund, Spitsbergen Apr-2002 78.9N 11.9E 0.02
16 Orleans, France Aug-2009 47.97N 2.113E 0.13
17 Paris, France Sep-2014 48.486N 2.356E 0.06
18 Park Falls, USA May-2004 45.945N 90.273W 0.44
19 Reunion Island Sept-2011 20.901S 55.485E 0.087
20 Rikubetsu, Japan Nov-2013 43.4567N 143.7661E 0.361
21 Saga, Japan June-2011 33.240962N 130.288239E 0.007
22 Sodankyla, Finland Jan-2009 67.3668N 26.6310E 0.188
23 Tsukuba, Japan Dec-2008 36.0513N 140.1215E 0.03
24 Wollongong, Australia May-2008 34.406S 150.879E 0.03

Fig. 2. Flowchart summarizing the procedure used to obtain the high accuracy XCO2 surface and conduct the evaluation of efficacy of GOSAT and OCO-2 satellite observations.
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Table 4
Comparison betweenmonthlyHASMXCO2 predictions and TCCONobservations from1/1/
10 to 12/31/15.

TCCON sites N ME (ppm) SD (ppm) MAE (ppm)

Bialystok 53 −0.15 0.66 0.51
Bremen 60 0.13 1.01 0.82
Darwin 58 −0.35 0.83 0.72
Garmisch 62 0.13 0.73 0.60
Karlsruhe 59 −0.03 0.75 0.58
Lauder 60 0.01 0.50 0.39
Lamont 60 −0.58 0.78 0.75
Orleans 56 0.06 1.05 0.85
Park Falls 60 0.64 0.74 0.82
Wollongong 62 −0.14 0.56 0.45

Fig. 3.Monthly HASM XCO2 surfaces (ppm) at the resolution of 0.5° × 0.5° from September 201
map.
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retrieved from SWIR spectra are released as part of the GOSAT Level 2
product (Yoshida et al., 2011).

For this study, we chose the GOSAT XCO2 from 9/1/14 to 12/31/14
(V02.31) and 2/1/15 to 8/31/15 (V02.40) to match the OCO-2 and
TCCON XCO2 observations. The data were filtered using the screening
procedures described in the data product manual (GOSAT Project,
2013) and the specifications of the data are summarized in Table 1.
The largest (26,375) and smallest (6372)number of validXCO2 readings
were recorded in June and April 2015, respectively. The mean monthly
XCO2 ranged from 394.11 in October 2014 to 398.31 ppm in May 2015
and the standard deviation (Std) of the monthly XCO2 values varied
from 1.96 to 3.09 ppm in most instances.
4 to August 2015. Each map shows the range of the values in a legend to the right of each

Image of Fig. 3


Fig. 3 (continued).
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2.2. OCO-2 XCO2

OCO-2, a copy of OCO-1, was launched in July 2014 and is NASA's
first dedicated CO2 monitoring satellite with high accuracy and resolu-
tion on regional scales (Crisp et al., 2017). Unlike GOSAT, OCO-2 carries
a single instrument which collects high resolution spectra of reflected
solar sunlight in the O2 A-band (centered near 765 nm) and in the
CO2 bands (centered near 1610 and 2060 nm). The satellite, with a
16 day recurrence, was put in a sun-synchronous orbit at 705 km alti-
tude and the descending node is around 13:36 local time. The instru-
ment creates footprints measuring 1.25 km (width) and 2.4 km
(length).

For this study we chose the OCO-2 XCO2 (OCO2_L2_Lite_FP.7r) ob-
servations from 9/1/14 to 8/31/15 and filtered them using the standard
criteria described with the product specifications (Mandrake et al.,
2013). The metrics for the preprocessed data set are described in
Table 2. The largest and smallest number of valid XCO2 observations
over the 12 months were 380,597 and 16,254 in December 2014 and
May 2016, respectively. The mean monthly XCO2 varied from
395.53 ppm in October 2010 to 398.59 ppm in June 2015 and the stan-
dard deviation ranged from 0.76 to 1.55 ppm in most instances.
2.3. TCCON XCO2

The TCCON ground-based network of Fourier transform spectrome-
ters retrieves precise and accurate concentration of CO2, CH4, N2O and
CO from near-infrared solar absorption spectra. TCCON provides precise
and accurate total column measurements that cannot be matched by
satellite remote sensing observations (better than 0.25% for CO2)
(Wunch et al., 2011).

Currently, there are 24 available TCCON sites distributed across the
globe (see Fig. 1) whose details can be seen in Table 3. For this study,
we conducted a validation experiment based on the TCCON monthly
mean XCO2 observations from 2010 to 2015 to validate the reliability
of HASM in modeling the XCO2 distribution and then modeled the
XCO2 distribution at high accuracy taking the TCCON monthly mean
values from9/1/14 to 8/31/15 asHASM's optimumconstrain conditions.
2.4. GEOS-Chem model

GEOS-Chem is a global 3-D chemical transportmodel for atmospher-
ic composition driven by meteorological data from the Goddard Earth
Observing System of the NASA Global Modeling Assimilation Office.
This particular model has been widely used by researchers to study
the global distribution of atmospheric CO2 and carbon fluxes
(Suntharalingam et al., 2004; Baker et al., 2006).

2.4.1. Inputs and outputs
Driven by meteorological data and emission inventories from fossil

fuels, biomass and biofuel burning, ocean exchange, balanced bio-
sphere, and residual annual terrestrial exchange, GEOS-Chem can simu-
late 3-D spatiotemporal distributions of CO2 concentrations. The
meteorological data have 55 vertical levels, a temporal resolution of
6 h and a horizontal resolution of 1° × 1.25°, which was degraded to
2° × 2.5° for computational efficiency in this study.

The global atmospheric CO2 monthly mean data were generated for
47 vertical levels using GEOS-Chem (v10-01) with the GEOS-FP meteo-
rological and emission datasets from 2010 to 2015.

2.4.2. XCO2 estimation
We used a pressure weighting function to obtain GEOS-Chem XCO2

from the GEOS-Chem CO2 outputs. The pressure weighting function h
relates the local CO2 concentration specified on discrete pressure levels
to the profile-weighted average as follows:

XCO2 ¼ ∑
n

i¼1
hiui ð1Þ

hi ¼ −pi þ
piþ1−pi
ln piþ1=pi
� �

 !
þ pi−

pi−pi−1

ln pi=pi−1ð Þ
� ������

����� 1
psurf

ð2Þ

where u denotes the CO2 concentration, p denotes the pressure, psurf de-
notes the surface pressure, and the subscripts indicate the layers
(Connor et al., 2008; Zhang et al., 2016). This approach applies the left
term if i = 1 (i.e. h1 ¼ jð−p1 þ p2−p1

ln ðp2=p1ÞÞj
1

psurf
, and the right-hand side

Image of Fig. 3
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term if i = n (i.e. hn ¼ jðpn þ pn−pn−1
ln ðpn=pn−1ÞÞj

1
psurf

). The approximate XCO2

was then obtained by averaging the approximate CO2 concentration at
every pressure layer using this pressure weighting function.

2.5. HASM method

2.5.1. Fundamental principles
A surface can be uniquely defined by the first and second fundamen-

tal coefficients according to the fundamental theorem of surfaces
(Henderson, 1998). The first coefficients describe the intrinsic geomet-
ric properties that have little to do with the shape of the surface, which
can be achieved from the surface itself (Carmo, 2006). The second fun-
damental coefficients explain the local warping of the surface, mainly
its deviation from a tangent plane at a certain point, which can be stud-
ied from outside of the surface (Liseikin, 2004). The Earth's surface sys-
tem or a component of the Earth's surface environment can be
simulated with HASM when its spatial resolution is sufficient (Yue,
2011).

If a surface is a graph of a function z= f(x,y), the first fundamental
coefficients E, F and G can be formulated as:

E ¼ 1þ f 2x
G ¼ 1þ f 2y
F ¼ f x∙ f y

8><
>: ð3Þ
Fig. 4. Bias distributions between GOSAT andOCO-2 satellite observations andHASMXCO2 surfa
GOSAT and the HASMXCO2 surface; (c) and (d)Monthly bias distribution for OCO-2 and HASM
themean XCO2 difference, SD is the standard deviation of the difference, andMAE is themean a
and the second fundamental coefficients L,M andN can be formulated as:

L ¼ f xxffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ f 2x þ f 2y

q
N ¼ f yyffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1þ f 2x þ f 2y
q

M ¼ f xyffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ f 2x þ f 2y

q

8>>>>>>>>>>><
>>>>>>>>>>>:

ð4Þ

These coefficients should also satisfy the following Gauss equation
set:

f xx ¼ Γ111∙ f x þ Γ211∙ f y þ L∙ E∙G−F2
� 	−1=2

f yy ¼ Γ122∙ f x þ Γ222∙ f y þ N∙ E∙G−F2
� 	−1=2

f xy ¼ Γ112∙ f x þ Γ212∙ f y þM∙ E∙G−F2
� 	−1=2

8>>>><
>>>>:

ð5Þ

where Γ111 ¼ 1
2 ðG∙Ex−2F ∙Fx þ F ∙EyÞ∙ðE∙G−F2Þ−1

, Γ112 ¼ 1
2

ðG∙Ey−F ∙GxÞ∙ðE∙G−F2Þ−1
; Γ122 ¼ 1

2 ð2G∙Fy−G∙Gx−F ∙GyÞ∙ðE∙G−F2Þ−1
, Γ211

¼ 1
2 ð2E∙Fx−E∙Ey−F ∙ExÞ∙ðE∙G−F2Þ−1

, Γ212 ¼ 1
2 ðE∙Gx−F ∙EyÞ∙ðE∙G−F2Þ−1

,

Γ222 ¼ 1
2 ðE∙Gy−2F ∙Fy þ F ∙GxÞ∙ðE∙G−F2Þ−1

are the Christoffel symbols of
the second kind which depend only on the first fundamental
ces (ppm) from September 2014 to August 2015: (a) and (b)Monthly bias distribution for
XCO2 surface. N records the number of GOSAT/OCO-2 footprints in a certain month, ME is
bsolute difference. Colors inmaps correspond to values shown in legends below eachmap.
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Fig. 4 (continued).
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Fig. 4 (continued).

1582 L.L. Zhang et al. / Science of the Total Environment 601–602 (2017) 1575–1590

Image of Fig. 4


Fig. 4 (continued).
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Fig. 4 (continued).
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Fig. 4 (continued).
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coefficients and their derivatives. Finite difference methods can be used
to solve the Gauss equation set (Eq. (5)) and the latter can be simplified
with the following equation set (Yue, 2011):

A∙z nþ1ð Þ ¼ d nð Þ

B∙z nþ1ð Þ ¼ q nð Þ

C∙z nþ1ð Þ ¼ p nð Þ

8<
: ð6Þ

If fi ,j is the value of z= f(x,y) at the pth sampled point (xi,yi) in the
computational domain, the simulation value should be equal or approx-
imately equal to the sampling value of this lattice so that the constraint
equation can be added to the simplified equation set (Eq. (6)).
The matrix formulation of the HASM master equations can be
expressed as follows:

AT BT CT λ∙ST
h i A

B
C
λ∙S

2
64

3
75z nþ1ð Þ ¼ AT BT CT λ∙ST

h i d nð Þ

q nð Þ

p nð Þ

λ∙k

2
664

3
775 ð7Þ

where the parameter λ is the weight of the sampling points and deter-
mines the contribution of the sampling points to the simulated surface
(Yue, 2011). λ could be a real number, whichmeans all sampling points
have the same weight, or λ could be a vector, which means every

Image of Fig. 4
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sampling point has its own weight. Smaller values of λ will be selected
in complex regions and larger values of λwill be selected in flat regions.

2.5.2. Inputs and outputs
High accuracy surface modeling can simulate constant attribute var-

iations in 3D space, and has been successfully used in model climate
change (Wang et al., 2015; Yue et al., 2013a, b), construct DEMs (Yue
et al., 2010a, b), interpolate soil properties (Shi et al., 2009, 2016) and
terrestrial land cover change (Yue, 2011).

For this study, HASM considered GEOS-Chem XCO2 as its driving
field and TCCON measurements as its optimum control constraints as
shown in Eq. (8):

Xsim ¼ HASM Xinitial;Xsamð Þ ð8Þ

where Xsim is the final XCO2 surface calculated by HASM, Xinitial is the
approximate XCO2 surface which is obtained from the GEOS-Chem
model, and Xsam is the TCCON XCO2 values. The main inputs of HASM
are TCCON XCO2 and the GEOS-Chem XCO2 surface with the output
being HASM XCO2.

2.6. Experimental workflow

The TCCON ground-based observations and GOSAT/OCO-2 satellite
observations were used with the GEOS-Chem model and HASM inter-
polation method in the study (Fig. 2). The procedure used to obtain
high accuracy XCO2 surface and evaluate the efficacy of the satellite ob-
servations incorporated four steps as follows.
(1) We obtained monthly GEOS-Chem XCO2 and TCCON XCO2 from
1/1/10 to 12/31/15.

(2) We modeled the XCO2 surface using HASM, the TCCON observa-
tions (as optimum control constraints) and the GEOS-Chem
XCO2 model outputs (as its driving fields) at the TCCON sites
with long-term records. We then verified the HASM XCO2 simu-
lations from 1/1/10 to 12/31/15 by comparing the TCCON obser-
vations and HASM XCO2 predictions.

(3) We next used HASM tomodel the XCO2 surface from9/1/14 to 8/
31/15 taking TCCON observations as its optimum control con-
straints and the GEOS-Chem atmospheric transport model as its
driving field.

(4) We compared the GOSAT and OCO-2 satellite observations with
the HASM XCO2 surface and the global monthly and annual XCO2

bias distributions from 9/1/14 to 8/31/15were employed to depict
the uncertainties associated with the satellite estimates of XCO2.

3. Results

We first describe the HASM-simulated XCO2 surface and then the
monthly and annual XCO2 bias distributions thatwere obtained by com-
paring the global OCO-2 observations with the HASM XCO2.
3.1. Verification and generation of HASM-simulated XCO2 surfaces

The HASM method was used to model the XCO2 surface, taking the
GEOS-Chem XCO2 as its driving field and TCCON measurements as its
optimum control constraints to verify the HASM XCO2 simulations

Image of Fig. 4


Table 5
GOSAT and OCO-2 XCO2 bias distribution by continent from 9/1/14 to 8/31/15.

GOSAT XCO2 bias OCO-2 XCO2 bias

Continent N ME
(ppm)

SD
(ppm)

MAE
(ppm)

N ME
(ppm)

SD
(ppm)

MAE
(ppm)

Africa 14,928 −0.72 1.97 1.67 59,669 −0.17 1.26 1.00
Asia 12,441 −1.27 2.47 2.20 23,473 0.01 1.50 1.17
Europe 15,625 −1.03 2.74 2.29 252 −0.13 1.46 1.21
North
America

6297 −1.49 2.47 2.31 14,137 −0.85 1.10 1.16

Oceania 10,742 −1.20 1.78 1.76 121,649 −0.21 0.84 0.68
South
America

3846 −0.72 1.97 1.65 1247 −0.13 1.07 0.85
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from1/1/10 to 12/31/15 andmodel theHASMXCO2 surface from9/1/14
to 8/31/15.

3.1.1. Verification
We chose nine TCCON sites (Table 4) as verification sites, because

these sites reported N50 mean monthly XCO2 values from January
2010 to December 2015. For each verification site, we took the observa-
tions from the other sites as HASM's optimum control constraints and
GEOS-ChemXCO2 during the same period as its drivingfield to simulate
the XCO2 at the verification sites (HASM XCO2). We then compared the
TCCON observations and HASM XCO2 predictions by comparing the
mean error (ME), standard deviation (STD), and mean absolute error
(MAE) as follows:

ME ¼ 1
n
∑
n

i¼1
HASMi−TCCONi ð9Þ

SD ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n
∑
n

i¼1
HASMi−TCCONi−MEð Þ2

s
ð10Þ

MAE ¼ 1
n
∑
n

i¼1
HASMi−TCCONij j ð11Þ

From Table 4, we can see thatME and SD for the HASMXCO2 predic-
tions and TCCON observations are small, with errors mainly within
about 1 ppm. TheMAEs (0.39–0.85 ppm) show that there are generally
no significant differences between TCCON observations and HASM re-
sults. These results confirm that the HASM method can simulate XCO2

with high accuracy.

3.1.2. HASM XCO2 surface
HASMwas next used to model the monthly XCO2 surface from Sep-

tember 2014 to August 2015 at a resolution of 0.5° × 0.5°, taking GEOS-
Chem XCO2 as its driving field and TCCON measurements as its opti-
mum control constraints. The resulting monthly HASM XCO2 surfaces
are reproduced in Fig. 3 below.
Table 6
GOSAT and OCO-2 annual XCO2 bias distribution by latitude zone from 9/1/14 to 8/31/15.

latitude (°N) GOSAT XCO2 bias

N ME (ppm) SD (ppm) MAE (p

35°–45° 6547 −1.24 2.52 2.22
25°–35° 10,542 −0.85 2.12 1.82
15°–25° 10,371 −1.23 2.05 2.03
5°–15° 3617 −1.13 2.77 2.51
−5°–5° 3888 −2.35 1.91 2.63
−15° to −5° 8379 −1.41 2.03 2.05
−25° to −15° 14,336 −1.48 1.68 1.86
−35° to −25° 9770 −1.63 1.80 2.02
−45° to −35° 2646 −2.60 1.78 2.74
The 12 maps reproduced in Fig. 3 show how the XCO2 distribution
varies by month. The 12 maps display three general trends. First, the
XCO2 in the equatorial regions is higher than that in other regions in Oc-
tober 2014 and June and July 2015. Second, the highest and lowest XCO2

occur in equatorial regions and the northern hemisphere, respectively
in September 2014 and August 2015. Third, the XCO2 in the northern
hemisphere is higher than that in the southern hemisphere from No-
vember 2014 to May 2015, which can be attributed to the reductions
in the absorbing ability of vegetation and/or increased anthropogenic
emissions in the northern hemisphere winter.

Simultaneously, a number of monthly XCO2 anomalies can be seen.
For example, in September 2014, there are higher XCO2 in some regions,
such as in Brazil, northwest Africa, the Iberian Peninsula, the UK, and
East Asia. In October 2014, the XCO2 in the northern half of South Amer-
ica, East Asia, eastern Europe is obviously higher than in other regions.
In March 2015, the XCO2 over the northern Atlantic Ocean and western
Europe is obviously lower than in the other months.
3.2. GOSAT and OCO-2 observations compared to HASM XCO2 surface

Wenext compared theGOSAT andOCO-2 satellite observationswith
the HASM XCO2 surface by analyzing the global monthly and annual
XCO2 bias distribution from 9/1/14 to 8/31/15.
3.2.1. Global monthly XCO2 bias distribution
From Fig. 4(a, c), we can see that most satellite observations cover

themiddle and lower latitudes and the XCO2 bias in the lower latitudes
is generally lower than that in the middle latitudes. In addition, the dif-
ferences between GOSAT and the HASM XCO2 surface range from −10
to 10 ppm with a mode of −4 to −2 ppm, while the differences be-
tween OCO-2 and the HASM XCO2 surface range from −5 to 5 ppm
with a mode of−1 to 1 ppm.

Fig. 4(b, d) show that the distribution of the differences between the
satellite observations and the HASM XCO2 surface are consistent with a
normal distribution, with the differences betweenOCO-2 and theHASM
XCO2 surface mimicking a standard normal distribution. The mean an-
nual bias of GOSAT is −1.38 ppm and the GOSAT XCO2 values are
lower than the correspondingHASMXCO2 values in everymonth. How-
ever, the mean annual bias of OCO-2 XCO2 is 0.2 ppm, and OCO-2 XCO2

values are higher than the HASM XCO2 values in all months except
March and April 2015. The MAEs of the GOSAT XCO2 bias range from
1.82 ppm in August 2015 to 2.49 ppm in December 2014 while the
MAEs of the OCO-2 XCO2 bias range from 0.54 ppm in January 2015 to
1.10 ppm in July 2015. In addition, the smallest MAE of GOSAT XCO2

bias is still larger than the largest MAE of OCO-2 XCO2 bias during the
12 month period September 2014 to August 2015.

Overall, the OCO-2 and GOSAT XCO2 observations agree reasonably
well with the HASM XCO2 surface, but the OCO-2 XCO2 observations
show better agreement with the HASM XCO2 surface than the GOSAT
XCO2 observations.
OCO-2 XCO2 bias

pm) N ME (ppm) SD (ppm) MAE (ppm)

16,561 −0.40 1.51 1.31
55,295 −0.48 1.24 1.06
81,672 −0.35 1.16 0.93
30,105 −0.41 1.23 0.97
71,548 −0.53 0.97 0.88
85,674 0.09 0.78 0.64
232,130 0.28 0.84 0.69
241,785 0.10 0.76 0.58
57,199 −0.10 0.53 0.41
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3.2.2. Global annual XCO2 bias distribution
We also calculated the global annual XCO2 bias distribution for

GOSAT and OCO-2 and compared the bias distribution by continent, lat-
itude and longitude zone.

3.2.2.1. XCO2 bias distribution by continent. The satellite bias distribution
varied when we compared the GOSAT and OCO-2 annual XCO2 bias in
Africa, Asia, Europe, North America, Oceania and South America.

FromTable 5, we can see that the GOSAT XCO2 bias is larger than the
OCO-2 bias. The MAE of the GOSAT annual XCO2 bias, for example,
ranged from 1.65 ppm in South America to 2.31 ppm in North America,
whereas theMAE of the OCO-2 annual XCO2 bias ranged from 0.68 ppm
in Oceania to 1.21 ppm in Europe. In addition, the GOSAT XCO2 bias
exceeded the OCO-2 XCO2 bias in every continent and was more than
twice as much in the case of Oceania.

Taken as a whole, the OCO-2 annual XCO2 observations agreed bet-
ter with the HASM annual XCO2 surface for every continent.

3.2.2.2. XCO2 bias distribution by latitude zone. We next divided the ob-
servations into nine classes, one for every 10° of latitude between 45°S
and 45°N, and compared the GOSAT and OCO-2 XCO2 bias distribution
by latitude zone.

FromTable 6, we can see that the smallestMAEs for the GOSAT XCO2

bias are 1.82 ppm (25–35°N) and 1.86 ppm (15–25°S), while the largest
MAEs are 2.74 ppm (35–45°S), 2.63 ppm (5°S–5°N) and 2.51 ppm (5–
15°N).

From Table 6, we can also see that the smallest MAE for the OCO-2
XCO2 bias is 0.41 ppm between 35° and 45°S while the largest MAE is
1.31 ppm between 35° and 45°N. Moreover, the MAE gradually in-
creases from south to north.

Overall, theOCO-2 observations produced a better fit with theHASM
XCO2 surface than the GOSAT observations, especially in the southern
hemisphere.

3.2.2.3. XCO2 bias distribution by longitude zone.We next divided the ob-
servations into nine classes, one for every 40° of longitude, and com-
pared the GOSAT and OCO-2 XCO2 bias distribution by longitude zone.

From Table 7, we can see that the smallest MAEs of the GOSAT XCO2

bias are 1.81 ppm (20°W–20°E) and 1.86 ppm (20–60°E), and the larg-
est MAS is 2.66 ppm (100–140°W).

From Table 7, we can also see that the OCO-2 XCO2 bias is smaller
than the GOSAT XCO2 bias (as would be expected given the results pre-
sented previously). The smallest MAE of the OCO-2 XCO2 bias is
0.55 ppm between 60 and 100°W and the largest MAE is 0.84 ppm be-
tween 100 and 140°W. The variations in the MAEs show no obvious
change with longitude.

4. Discussion and conclusions

Ground observations are able to capture CO2 concentrations accu-
rately and can be used to evaluate satellite observation data. However,
the number of TCCON sites is too small to conduct a comprehensive
Table 7
GOSAT and OCO-2 annual XCO2 bias distribution by longitude zone from 9/1/14 to 8/31/15.

Longitude (°E) GOSAT XCO2 bias

N ME (ppm) SD (ppm) MAE (

140°–180° 9437 −1.31 2.20 2.05
100°–140° 20,134 −1.07 2.30 2.00
60°–100° 13,028 −1.74 2.21 2.30
20°–60° 27,847 −0.93 2.13 1.86
−20°–20° 18,834 −0.79 2.17 1.81
−60° to −20° 12,057 −1.52 2.01 2.06
−100° to −60° 13,205 −1.70 2.08 2.22
−140° to −100° 15,218 −2.38 1.96 2.66
−180° to −140° 7900 −2.19 1.60 2.32
analysis of the efficacy of satellite datasets. Similarly, atmospheric trans-
port models can provide continuous atmospheric CO2 concentrations in
space and time, but the accuracy of the model outputs need to be veri-
fied, especially for regionswith large emissions. HASM canmodel a con-
tinuous XCO2 surface with high accuracy taking TCCON observations as
its optimum control constraints and an atmospheric transport model
outputs as its driving field. The MAE of bias ranged from 0.39 to
0.85 ppm with the lowest values occurring at the Lauder site in New
Zealand (0.39 ppm) and Wollongong site in Australia (0.45 ppm).
These results show that the smaller land mass and populations in the
southern hemisphere provides better model performance as well as
lower XCO2 values overall. The results also indicate that HASM did rea-
sonably well in modeling global atmospheric XCO2 in the northern
hemisphere where numerous studies have shown how human activi-
ties, such as fossil fuel combustion, cement production and deforesta-
tion, can lead to higher regional CO2 concentrations in the atmosphere
(Kong et al., 2011; Le Quéré et al., 2015; Eldering et al., 2017).

Given these results, we felt justified in using the HASMXCO2 surface
to evaluate the efficacy of the GOSAT andOCO-2 XCO2 observations.We
first modeled the HASM XCO2 surface by fusing the TCCON measure-
ments and the GEOS-Chem XCO2 model outputs for the period 9/1/14
to 8/31/15 and the used the bias distribution statistics to compare the
GOSAT and OCO-2 satellite observations with the HASM XCO2 surface.
The results showed that the OCO-2 XCO2 observations agree much bet-
ter with the HASM XCO2 surface than the GOSAT XCO2 observations do
for both the monthly and annual time intervals. The explanation is a
function of the volume of data given that OCO-2 returns almost 1 mil-
lion soundings over the sunlit hemisphere each day and on monthly
timescales, between 7 and 12% of these soundings pass the cloud
screens and other data quality filters to yield full-column estimates of
XCO2 (Crisp et al., 2017). However, GOSAT measures several tens of
thousands of single soundings in three days, and only about 10% of
these satellite soundings are available for gas retrievals under clear-
sky conditions (Oshchepkov et al., 2012). Therefore, OCO-2 produces
more data than GOSAT and the results of this study indicate that this
matters. The comparison with the HASM XCO2 surface shows that
OCO-2 is likely to providemore reliable estimates of the global patterns
of XCO2 than GOSAT.

However, the results also showed how the efficacy of the OCO-2 and
GOSAT estimates varied geographically. These variations may depend
on the sensor performance and retrieval algorithms used in addition
to the volumeof data produced. TheOCO-2 retrieval algorithm is similar
to the GOSAT retrieval algorithm (O'Dell et al., 2012; Crisp et al., 2012;
Eldering et al., 2017). This evident from those parts of atmosphere
that displayed large MAEs. From Table 6, for example, the MAE of
XCO2 bias between 35°S and 40°S is obviously larger than for other lat-
itude zones for both OCO-2 and GOSAT. The same is true for high MAEs
reported between 100°Wand 140°W(Table 7) and the common feature
of both of these zones is that surface is ocean. The OCO-2 observations
may show less bias in these instances because of the larger number of
observations and because the OCO-2 mission team has modified their
data acquisition strategy to accommodate over still water with a layer
OCO-2 XCO2 bias

ppm) N ME (ppm) SD (ppm) MAE (ppm)

126,100 −0.04 0.82 0.63
217,725 −0.05 0.94 0.71
119,062 0.05 0.99 0.73
165,742 −0.21 1.10 0.84
170,306 0.12 0.89 0.68
71,568 −0.02 0.83 0.60
90,839 0.04 0.74 0.55
245,303 −0.18 1.10 0.84
171,693 0.10 0.85 0.66
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of highly reflective material on its surface that would otherwise lead to
elevated measurements (Eldering et al., 2017).

Quantitative evaluations of satellites observation like that conducted
here are important andwill improve the investigation of carbon sources
and sinks and our understanding of global carbon cycling. The results
from this study showed: (1) both the OCO-2 and GOSAT satellite obser-
vations document how elevated XCO2 concentrations frequently occur
over large populated areas in the northern hemisphere; and (2) that
the OCO-2 satellite observations offer more reliable estimates of XCO2

than the GOSAT satellite observations, while noting some potential
problems with the performance of both satellites over ocean surfaces.

The overall results were encouraging and this study should be re-
peated as more satellite data for measuring CO2 becomes available
due to larger numbers of satellites and/or longer time series for the
existing carbon satellites. The HASM approach used for this study can
be expected to provide better precision so long as the number of ground
observation sites increases over time as well.
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