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Abstract. Carbon dioxide (CO2 ) is the most important anthropogenic greenhouse gas (GHG) causing global warming.
The atmospheric CO2 concentration increased by more than
30% since pre-industrial times – primarily due to burning of
fossil fuels – and still continues to increase. Reporting of
CO2 emissions is required by the Kyoto protocol. Independent verification of reported emissions, which are typially not
directly measured, by methods such as inverse modeling of
measured atmospheric CO2 concentrations is currently not
possible globally due to lack of appropriate observations. Existing satellite instruments such as SCIAMACHY/ENVISAT
and TANSO/GOSAT focus on advancing our understanding
of natural CO2 sources and sinks. The obvious next step for
future generation satellites is to also constrain anthropogenic
CO2 emissions. Here we present a promising satellite remote
sensing concept based on spectroscopic measurements of reflected solar radiation and show, using power plants as an
example, that strong localized CO2 point sources can be detected and their emissions quantified. This requires mapping
the atmospheric CO2 column distribution at a spatial resolution of 2×2 km2 with a precision of 0.5% (2 ppm) or better.
We indicate that this can be achieved with existing technology. For a single satellite in sun-synchronous orbit with a
swath width of 500 km, each power plant (PP) is overflown
every 6 days or more frequent. Based on the MODIS cloud
mask data product we conservatively estimate that typically
20 sufficiently cloud free overpasses per PP can be achieved
every year. We found that for typical wind speeds in the
range of 2–6 m/s the statistical uncertainty of the retrieved
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PP CO2 emission due to instrument noise is in the range
1.6–4.8 MtCO2 /yr for single overpasses. This corresponds
to 12–36% of the emission of a mid-size PP (13 MtCO2 /yr).
We have also determined the sensitivity to parameters which
may result in systematic errors such as atmospheric transport
and aerosol related parameters. We found that the emission
error depends linearly on wind speed, i.e., a 10% wind speed
error results in a 10% emission error, and that neglecting enhanced aerosol concentrations in the PP plume may result
in errors in the range 0.2–2.5 MtCO2 /yr, depending on PP
aerosol emission. The discussed concept has the potential to
contribute to an independent verification of reported anthropogenic CO2 emissions and therefore could be an important
component of a future global anthropogenic GHG emission
monitoring system. This is of relevance in the context of
Kyoto protocol follow-on agreements but also allows detection and monitoring of a variety of other strong natural and
anthropogenic CO2 and CH4 emitters. The investigated instrument is not limited to these applications as it has been
specified to also deliver the data needed for global regionalscale CO2 and CH4 surface flux inverse modeling.

1

Introduction

Carbon dioxide (CO2 ) is the most important anthropogenic
greenhouse gas (GHG) and its atmospheric concentration increased by more than 30% since pre-industrial times and still
continues to increase primarily due to burning of fossil fuels (IPCC, 2007; Canadell et al., 2007). Power plants, most
notably coal-fired power plants, are among the largest CO2
emitters (DoE and EPA, 2000). Coal-fired power plants (PPs)
not only emit CO2 in large quantities but also a number of

Published by Copernicus Publications on behalf of the European Geosciences Union.

782
other constituents such as aerosols and ozone precursors and
mercury with significant adverse influence on air quality and
climate (Shindell and Faluvegi, 2010). As the world coal
reserves are estimated at 930 Gt coal (see Shindell and Faluvegi, 2010, and references given therein), it can be expected
that CO2 emissions of coal-fired PPs will continue for many
decades – probably with significantly growing emissions as
the construction of coal-fired PPs is increasing rapidly for
example in China and India (Shindell and Faluvegi, 2010).
In many countries national legislation requires regular reporting of CO2 emissions (e.g., DoE and EPA, 2000). Emission reporting is also required by the Kyoto protocol (http:
//unfccc.int/resource/docs/convkp/kpeng.pdf). Current CO2
emission reporting is mostly based on economical and technical information (e.g., amount and type of fuel burned, PP
thermal efficiencies, CO2 conversion factors) (DoE and EPA,
2000) but typically not on directly measured CO2 emissions.
Also required by the Kyoto protocol is independent verification of the reported emissions – a requirement difficult to be
met globally due to lack of appropriate observations. The uncertainty of the reported anthropogenic CO2 emissions varies
by sector and country. They are assumed to vary on average
by about 3–5% for the USA to 15–20% for China (Gregg et
al., 2008), which became the largest national source of CO2
emissions during 2006. Ackermann and Sundquist (2008)
compared PP emission data bases and found that the absolute difference of the emissions of individual coal-fired PPs
in the USA is typically about 20%. They conclude that several independent approaches are needed to reliably estimate
how much CO2 individual PPs emit. To improve global emission monitoring and reporting the use of satellites has been
recommended (NRC, 2010). Currently however this is not
possible as none of the existing or planned satellites has been
specified for such an application.
Knowledge about the distribution and strength of individual strong emission sources is also very relevant to better
constrain the separation of sources and sinks in the Northern Hemisphere. For example, the most recent estimates of
EU fossil fuel emissions for 2000 are an order of magnitude
larger than the European ecosystem carbon sink (Ciais et al.,
2010). As a result even small uncertainties in the budget
and the distribution of fossil fuel emission sources introduce
substantial errors in the overall carbon budget derived from
atmospheric inversions, when spatial resolution is increased
from continental to regional, national or urban carbon scales.
Thus in spite of the current knowledge of the magnitude and distribution of fossil fuel combustion from inventories in Europe, there is clear need for much more accurate knowledge about the magnitude and the temporal and
spatial variability of the anthropogenic emissions. For other
countries and continents a similar or even worse situation is
expected. This is recognised by the International GeosphereBiosphere Program (IGBP) Global Emissions Inventory Activity (GEIA) project (http://www.geiacenter.org/) and this is
one important motivation of research groups to produce high
Atmos. Meas. Tech., 3, 781–811, 2010
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resolution fossil fuel maps (Gurney et al., 2009; Rayner et
al., 2010; Ciais et al., 2010; Oda and Maksyutov, 2010).
It has already been recognized that global satellite observations of the CO2 vertical column (in molecules/cm2 ) or of
the CO2 dry air column-averaged mole fraction (in ppm), denoted XCO2 , has the potential to significantly advance our
knowledge of regional natural CO2 surface sources and sinks
provided the satellite measurements have sufficiently high
sensitivity to the planetary boundary layer (PBL), where the
source/sink signal is largest, and are precise and accurate
enough (Rayner and O’Brien, 2001; Houweling et al., 2004;
Miller et al., 2007; Chevallier et al., 2007; Baker et al., 2010;
Bréon and Ciais, 2010).
Existing or planned satellite instruments for measuring
greenhouse gases with high near-surface sensitivity such as
SCIAMACHY on ENVISAT (Burrows et al., 1995; Bovensmann et al., 1999), Orbiting Carbon Observatory (OCO)
(Crisp et al., 2004) or TANSO on the Greenhouse Gases Observing Satellite (GOSAT) (Hamazaki et al., 2004; Kuze et
al., 2009) (see Sect. 2 for details) aim primarily at providing additional constraints on natural CO2 sources and sinks.
None of the existing satellite CO2 sensors has been designed
to monitor anthropogenic CO2 emissions. In this study we
present first detailed results concerning the potential to monitor strong anthropogenic CO2 emission sources such as coalfired PPs from space. The investigated satellite mission and
instrument, in the following referred to as “Carbon Monitoring Satellite” (CarbonSat), is based on the heritage of SCIAMACHY, OCO and GOSAT, but with additional capabilities
such as wide swath imaging.
The overall scientific objectives of CarbonSat are similar to the objectives of GOSAT and OCO (OCO for CO2
only), namely to provide XCO2 and XCH4 data products
with a precision, accuracy and coverage needed for the quantification of regional-scale CO2 and CH4 surface fluxes. In
contrast to OCO, CarbonSat also covers absorption bands
of CH4 , a very potent greenhouse gas. To also observe atmospheric methane over water, e.g., in vulnerable northern
high latitude regions such as the region west of Spitsbergen
(Westbrook et al., 2009) or the East Siberian Arctic Shelf
area (Shakhova et al., 2010), CarbonSat will use a dedicated
sun-glint observation mode. These aspects will however not
be discussed in this manuscript. Here we focus on one application, namely on the monitoring of PP CO2 emissions.
The manuscript is organized as follows: In Sect. 2 we
present a short overview about existing and planned GHG
observing satellites. In Sect. 3 we present simulations and
initial airborne observations of PP CO2 emission plumes and
discuss implications for the proposed satellite mission CarbonSat. In Sect. 4 we present the CarbonSat mission concept. The core of this manuscript is Sect. 5 where Observing
System Simulation Experiments (OSSE) are described which
have been conducted to quantify the impact of various error
sources on the inferred emissions. The OSSE comprise radiative transfer and instrument simulations (Sect. 5.1), CO2
www.atmos-meas-tech.net/3/781/2010/

H. Bovensmann et al.: Monitoring CO2 emissions from space
retrievals based on synthetic radiances (Sect. 5.2), and estimates of random and systematic errors of the retrieved PP
CO2 emissions (Sect. 5.3). Clouds are an issue for the satellite observations discussed here. Therefore clear sky statistics are presented and discussed in Sect. 6. In Sect. 7 we
shortly discuss the capability of CarbonSat to detect and
quantify the emissions of other localized GHG sources including methane sources. A summary of the results obtained
in this study and final conclusions are given in Sect. 8.

2

Status CO2 and CH4 observing satellites

The first satellite instrument which performed and still performs nadir PBL sensitive measurements of XCO2 and
XCH4 in the relevant spectral regions in the short-wave infrared (SWIR) and near-infrared (NIR) is SCIAMACHY on
ENVISAT, launched in 2002 (Burrows et al., 1995; Bovensmann et al., 1999). XCH4 is the dry air column-averaged
mole fraction or mixing ratio of CH4 (in ppb). Different
groups have developed dedicated radiative transfer and CO2
and CH4 retrieval algorithms for SCIAMACHY and used
them for the analysis of the SCIAMACHY spectral observations (Buchwitz et al., 2000a,b, 2005a,b, 2007; Frankenberg
et al., 2005, 2008; Gloudemans et al., 2005; Houweling et
al., 2005; Barkley et al., 2007; Bösch et al., 2006; Schneising
et al., 2008, 2009). It has been shown that SCIAMACHY
can detect CO2 variations of a few ppm, e.g., the CO2 annual increase of about 2 ppm/yr and the northern hemispheric
CO2 seasonal cycle (Buchwitz et al., 2007; Schneising et
al., 2008). It has also be shown that SCIAMACHY can detect regionally elevated CO2 over strong and extended anthropogenic source regions when averaging several years of
data (Schneising et al., 2008). The retrieval algorithm development for SCIAMACHY XCO2 is ongoing to further improve the accuracy of the XCO2 data product (Buchwitz et
al., 2009; Reuter et al., 2010). This is also valid for SCIAMACHY XCH4 (Frankenberg et al., 2008; Schneising et al.,
2009) which has already been used to better constrain regional CH4 emissions via inverse modeling (Bergamaschi
et al., 2007, 2009) and to improve the global modeling of
methane emissions (Bloom et al., 2010).
The dedicated GHG satellite missions Orbiting Carbon
Observatory (OCO) (Kuang et al., 2002; Crisp et al., 2004;
Miller et al., 2007) and Greenhouse Gases Observing Satellite (GOSAT) (Hamazaki et al., 2004; Kuze et al., 2009) have
been built to perform highly accurate and precise global PBL
sensitive XCO2 measurements (and XCH4 for GOSAT).
Both instruments have been designed to perform nadir mode
observations (over land) and sun-glint mode observations
(over ocean) of high resolution spectra in well-selected absorption bands in the SWIR and NIR spectral regions. The
spectral regions covered are CO2 absorption bands around
1.6 and 2.0 µm and the O2 -A absorption band at 0.76 µm
(O2 is included to provide additional information on clouds
www.atmos-meas-tech.net/3/781/2010/
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and aerosols and on the average surface pressure within the
satellite’s footprint). In contrast to OCO, GOSAT also covers absorption bands of CH4 , which is the second most important anthropogenic greenhouse gas. In addition, GOSAT
also covers a large part of the thermal infrared (TIR) spectral region. GOSAT has been successfully launched in January 2009. OCO unfortunately failed during its launch in
February 2009 (Palmer and Rayner, 2009). Dedicated retrieval algorithms have been developed for OCO (Bösch et
al., 2006; Connor et al., 2008; Butz et al., 2009) and GOSAT
(Oshchepkov et al., 2008; Bril et al., 2009) and a number of
studies have been performed in order to assess their potential
to reduce uncertainties in our knowledge on CO2 sources and
sinks (Miller et al., 2007; Chevallier et al., 2007; Feng et al.,
2009; Baker et al., 2010).
In addition to SCIAMACHY and GOSAT, there are other
satellite instruments that measure tropospheric CO2 in nadir
mode, namely HIRS/TOVS (Chédin et al., 2002, 2003),
AIRS (Engelen et al., 2004; Engelen and Stephens, 2004; Engelen and McNally, 2005; Chevallier et al., 2005; Aumann et
al., 2005; Strow et al., 2006), IASI (Crevoisier et al., 2009a)
and TES (Kulawik et al., 2010). These sensors perform measurements in the TIR part of the electromagnetic spectrum.
Nadir TIR measurements have highest sensitivity in the middle and upper troposphere but typically only little sensitivity
for the lowest atmospheric layers, where the regional GHG
source/sink signals are largest. Their information content
with respect to regional CO2 and CH4 sources and sinks is
therefore limited and retrievals are typically restricted to the
tropics because of the difficulty to separate CO2 variations
from temperature variations (Chédin et al., 2003; Engelen
and Stephens, 2004; Engelen et al., 2004; Chevallier et al.,
2005; Crevoisier et al., 2009a,b). Active laser based satellite systems are also under investigation (see, e.g., Amediek
et al., 2009; Bréon and Ciais, 2010, and references given
therein).
Another promising approach is to use the complementary
solar (SWIR/NIR) and thermal infrared (TIR) satellite nadir
observations in combination (Christi and Stephens, 2004;
Burrows et al., 2004) but also to combine data from passive
and active CO2 and CH4 instrumentation.

3

Atmospheric signature of power plant emission
plumes

In order to simulate the CO2 vertical column enhancement
at and downwind of a CO2 emitting PP, a quasi-stationary
Gaussian plume model is used, which is described in Appendix A. Figure 1 shows a typical example of a simulated
CO2 plume at high spatial resolution (left) and at a spatial
resolution of 2×2 km2 corresponding to the resolution of the
CarbonSat satellite instrument discussed in detail below. As
can be seen, the assumed CO2 emission of 13 MtCO2 /yr results in an enhancement of the CO2 vertical column of about
Atmos. Meas. Tech., 3, 781–811, 2010
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Fig. 1. Left: Simulation of the atmospheric CO2 column enhancement due to CO2 emission of a power plant using a quasi-stationary
Gaussian plume model. The power plant location is indicated by the black cross. A value of 1.0 (green) corresponds to the background CO2
column. A value of 1.02 (red) corresponds to a column enhancement of 2% or larger relative to the background. The wind speed is 1 m/s.
The assumed power plant emission is 13 MtCO2 /yr corresponding to a power plant such as Schwarze Pumpe located in eastern Germany
near Berlin (see photo taken during an overflight with the MAMAP aircraft instrument). Right: as left hand side but at a spatial resolution
of 2×2 km2 obtained by box-car averaging the high resolution plume shown on the left hand side. The inlet shows MAMAP CO2 column
retrievals around the location of the power plant Schwarze Pumpe (see main text and Fig. 2 for details). The maximum value of the CO2
normalized column is 1.126 for the high resolution plume on the left (resolution 20×20 m2 ) and 1.031 for the 2×2 km2 resolution plume
shown on the right. To better visualize the extent of the CO2 plumes values below 1.0025 are shown in white (see also the black vertical line
in the color bar).

Table 1. Maximum CO2 column enhancement (relative to background column (=1.0)) for a power plant emitting 13 MtCO2 /yr for
different spatial resolutions of the satellite footprint. The assumed
wind speed is 1 m/s.
Horizontal
resolution

Peak of CO2 column
normalized to background (–)

Comment

20 m×20 m
40 m×40 m
1 km×1 km
2 km×2 km
4 km×4 km
10 km×10 km

1.126
1.125
1.053
1.031
1.017
1.005

see Fig. 1 left

see Fig. 1 right

2% at a spatial resolution of 2×2 km2 (the maximum value is
3.1% as shown in Table 1). If the ground pixel size is 10 km,
which corresponds to the ground pixel size of GOSAT, the
CO2 emission only results in a CO2 column enhancement of
0.5% of the background column (see Table 1). High spatial
resolution imaging is therefore important for this application.
Also shown in Fig. 1 are aircraft CO2 column retrievals
performed using the Methane Airborne Mapper (MAMAP)
aircraft instrument (Gerilowski et al., 2010). The MAMAP
CO2 observations agree reasonably well with the Gaussian
Atmos. Meas. Tech., 3, 781–811, 2010

plume model simulation. MAMAP is a spectrometer system
primarily developed for measuring CH4 vertical columns or
sub-columns from aircraft but covers also CO2 absorption
bands around 1.6 µm. MAMAP has been jointly developed
by GFZ-Potsdam and IUP-Bremen. MAMAP covers similar
spectral regions as CarbonSat (see Sect. 5.1) and is therefore
used as an airborne demonstrator for the CarbonSat concept.
The MAMAP results displayed in Fig. 1 are shown in more
detail in Fig. 2. They are based on CO2 and CH4 column
retrievals applied to data obtained during a flight with the
Cessna aircraft of the Free University of Berlin (FU Berlin)
over the lignite burning power plant Schwarze Pumpe located in eastern Germany near Berlin (latitude 51.54◦ N, longitude 14.35◦ E). For the time of the overflight on 26 July
2007 the CO2 emission of Schwarze Pumpe is reported to be
13 MtCO2 /yr (Dietmar Heinze, Vattenfall Europe Generation
AG & Co. KG, Cottbus, Germany, personal communication,
2008). The normalized CO2 columns shown in Fig. 2a have
been obtained by normalizing the retrieved CO2 columns by
simultaneously retrieved CH4 columns from the same spectrometer band (“CH4 proxy” approach). Note that the scale
used for the aircraft observations is ±3% compared to ±2%
for the plume simulation. The reason for this is that the altitude sensitivity of MAMAP, characterized by the MAMAP
averaging kernels, has not been considered for the results
www.atmos-meas-tech.net/3/781/2010/

H. Bovensmann et al.: Monitoring CO2 emissions from space

785

Fig. 2. (a) Normalized CO2 columns as retrieved from MAMAP aircraft observations on 26 July 2007. The CO2 columns have been
normalized by simultaneously retrieved CH4 columns. (b) Retrieved CO2 columns without normalization by CH4 . (c) Retrieved CH4
columns. The black cross indicates the location of the power plant Schwarze Pumpe (latitude 51.54◦ N, longitude 14.35◦ E), Germany. The
blue arrows indicate the approximate wind direction, which changed during the time of the measurements.

shown here. Figure 2b shows normalized CO2 columns obtained by normalizing the retrieved CO2 column by its own
average (i.e., not by CH4 ).
As can be seen, the CO2 column enhancement due to the
CO2 emission of the PP is also clearly visible in Fig. 2b. The
CO2 columns shown in Fig. 2b suffer to some extent from
light path related errors due to, e.g., aircraft movements not
yet considered in the retrieval and scattering related effects
caused by the variability of aerosols and clouds, which are
also not yet considered in the retrieval. Figure 2c shows
the normalized CH4 columns obtained by normalizing the
retrieved CH4 column by its own scene average, as also done
for the CO2 shown in Fig. 2b. Although the retrieved CH4
shows significant variability, the pattern is significantly different from the CO2 pattern. No clear correlation with the PP
location and the wind direction is visible. Assuming constant
atmospheric CH4 and noise free observations, the pattern of
the retrieved CH4 would show the light path error. As the
CO2 and CH4 columns are retrieved using the same preliminary version of the retrieval algorithm, the columns of both
retrieved gases suffer from nearly identical light path errors.
Assuming constant atmospheric CH4 over the scene of interest allows to eliminate the light path error to a large extent
by normalizing the retrieved CO2 column with the retrieved
CH4 column as done for the normalized CO2 columns shown
in Fig. 2a.
www.atmos-meas-tech.net/3/781/2010/

The MAMAP flight data are currently being analyzed to
quantitatively determine the CO2 emission and its associated uncertainty of the Schwarze Pumpe power plant from
the MAMAP spectral observations (Krings et al., 2010).
These results indicate that a satellite which aims at detection and monitoring of PP CO2 emissions needs to have high
spatial resolution, e.g., a ground pixel size of about 2 km or
smaller. This is necessary in order to detect the CO2 emission plume but also to increase the probability for sufficiently
cloud free scenes. The results also indicate that the single
ground pixel CO2 column retrieval precision needs to be better than 1% as this is the expected order of the CO2 column enhancement relative to the background. In addition,
a number of other criteria need to be fulfilled. For example
the satellite’s swath width needs to be sufficiently large to
achieve frequent mapping of PPs and their surroundings.
In the next section a mission concept for a single satellite is
presented which has the potential to fulfill the requirements
for PP CO2 emission monitoring in addition to the requirements that need to be fulfilled for global regional-scale CO2
and CH4 surface flux inverse modeling as have been identified in or can be derived from various studies (Crisp et al.,
2004; Houweling et al., 2004; Meirink et al., 2006, 2008;
Miller et al., 2007; Chevallier et al., 2007; Bergamaschi et
al., 2009; Feng et al., 2009; Baker et al., 2010).
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Fig. 3. Signal-to-noise ratios (SNRs) as a function of the radiance
as measured by CarbonSat in nadir mode for the eight scenarios
listed in Table 3 The black crosses show the SNRs computed using
the instrument model described in Sect. 5.1. The red squares show
√
the SNRs which can be obtained in the shot noise limit (SNR= S).

4

CarbonSat mission concept

In order to achieve frequent PP overpasses and global coverage within a few days with a single satellite, a low Earth orbiting (LEO) satellite mission with a sufficiently large swath
width is needed. As the satellite shall measure reflected solar radiation to be sensitive to near-surface CO2 concentration changes, the solar zenith angle (SZA) needs to be as
small as possible. For a sun-synchronous orbit an equator
local overpass time around noon would be ideal. However
other aspects such as minimum cloud cover also need to be
considered. In addition, it would be advantageous to use as
Atmos. Meas. Tech., 3, 781–811, 2010

much as possible available relevant information from other
satellites. Most important in this context is additional cloud
and aerosol information, in particular sub-scene (sub ground
pixel) information. In this context a good co-location with
NOAA/NASA’s “Joint Polar Satellite System” (JPSS) meteorological afternoon satellite (“NPOESS C1”) would be a goal
opportunity, primarily in order to use the relativeley high spatial resolution cloud and aerosol information from the VIIRS
instrument (see, e.g., http://www.npoess.noaa.gov/). In the
following it is therefore assumed that the CarbonSat orbit
is similar to the NPOESS C1 orbit (Local Time Ascending
Node (LTAN) 13:30 LT, repeat track 17 days), which is similar to the orbit which had been chosen for OCO.
For the purpose of this study the scientific payload of CarbonSat is assumed to consist of a single instrument, the CarbonSat Imaging Spectrometer (IS). It is however planned
to equip CarbonSat also with a Cloud and Aerosol Imager
(CAI) similar to the CAI onboard GOSAT (Kuze et al.,
2009). The CarbonSat-IS instrument shall be designed to
measure dry air column-averaged mixing ratios of CO2 and
CH4 . The measurement precision and coverage shall be high
enough to not only detect and quantify PP CO2 emissions
but also to allow the quantification of CO2 and CH4 surface
fluxes at weekly or monthly time resolution at a spatial resolution of about 500×500 km2 globally (with some gaps, e.g.,
around the poles). The mission objectives are therefore similar to the mission objectives of OCO (Crisp et al., 2004) and
GOSAT (Hamazaki et al., 2004; Kuze et al., 2009). Compared to OCO and GOSAT, CarbonSat will however have important additional capabilities such as better spatial sampling
and coverage due to CarbonSat’s wide swath imaging capability. Compared to OCO, CarbonSat will have a much wider
swath (500 km compared to 10 km for OCO) and will also enable the retrieval of methane. This is achieved by including
the relevant spectral region in the SWIR (1.65 µm) covered
by methane absorption lines. In contrast to GOSAT, which
has a ground pixel size of 10 km with gaps of about 150 km
between the individual ground pixels, CarbonSat shall have
a ground pixel size of 2 km and no gaps between the ground
pixels (across track and along track). This allows the generation of CO2 and CH4 maps without gaps as needed for
the unambiguous detection and frequent coverage of power
plants and other strong emission targets. This will also help
to get more accurate regional scale CO2 and CH4 surface
fluxes because dense sampling poses less stringent requirements on the modeling of the atmospheric transport.
The global regional-scale CO2 surface flux inverse modeling application implies demanding requirements, e.g., in
terms of precision and accuracy (Houweling et al., 2004;
Miller et al., 2007; Chevallier et al., 2007). For CH4 the
requirements are also high but somewhat less demanding
(Meirink et al., 2006; Bergamaschi et al., 2007, 2009). These
challenging requirements are considered for the instrument
concept as described in the following. They are however not
discussed in detail as this is not the focus of this study.
www.atmos-meas-tech.net/3/781/2010/
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Fig. 4. Results of the CarbonSat instrument simulation for the VEG 50 scenario (albedo: vegetation, SZA 50◦ ) for an integration time of
tint = 0.3 s. Top: Radiance spectra in the three spectral bands covered by CarbonSat. Middle: corresponding signal (in electrons; red: before
calibration; black: after calibration, i.e., after subtraction of detector dark and thermal background radiation signals). Bottom: corresponding
signal-to-noise ratio.

Figure 4 shows simulated CarbonSat sun-normalized radiance spectra (top row panels). The middle panel shows the
relatively transparent spectral region around 1.6 µm which
will deliver the main information about the CO2 and CH4
columns (“SWIR-1 band”). The O2 -A-band spectral region is included to provide additional information on clouds,
aerosols, and surface pressure (“NIR band”). The right panel
shows the spectral region where CO2 has very strong absorption lines (“SWIR-2 band”). This band will mainly be
used to further reduce CO2 retrieval errors caused by clouds
and aerosols. The spectral regions covered by CarbonSat are
similar to the spectral regions covered by OCO except that
an extended region around 1.6 µm is used to also measure
methane. The spectrometer system is described in more detail in the next section.

www.atmos-meas-tech.net/3/781/2010/

5

Observing System Simulation Experiments (OSSE)

In order to estimate random and systematic errors of the
PP CO2 emissions to be derived from CarbonSat observations, Observing System Simulation Experiments (OSSE)
have been conducted.
Each OSSE consists of a number of different simulation
steps which are described in the following sub-sections starting with the instrument simulation.
5.1

Instrument model

In this section a technically feasible instrument concept is described and it is explained how signal-to-noise ratios (SNRs)
of the radiance spectra have been computed. The signalto-noise ratio determines the theoretically achievable XCO2
retrieval precision and therefore also determines the single
overpass PP CO2 emission detection limit.
Detailed instrument parameters needed for the SNR computations are specified primarily to demonstrate that the required instrument performance can be achieved with realistic
Atmos. Meas. Tech., 3, 781–811, 2010
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Table 2. CarbonSat’s spectral bands, assumed performance parameters and corresponding signal-to-noise ratios (SNRs). Each band is
assumed to be equipped with a Focal Plane Array (FPA) with 1000×250 detector pixels in the spectral and spatial directions, respectively.
The spectral resolution is specified in terms of the Full Width at Half Maximum (FWHM) of the spectrometer’s line shape function. The
spectral sampling ratio, Nsr , is the number of detector pixels per FWHM. The SNR refers to the continuum SNR outside strong absorption
lines for nadir measurements with an integration time of tint =0.3 s and for a ground pixel size of 4 km2 . The assumed orbit altitude is 800 km.
The SNRs are given for 8 scenarios which differ by surface albedo and solar zenith angle (SZA) (see also Table 3).

Parameter
Spectral range (nm)
Spectral resolution FWHM (nm)
Spectral sampling ratio Nsr
Transmission τ (–)
Quantum efficiency QE (electrons/photon)
Detector area Adet (10−6 cm2 )
F -number Fnum (–)
Detector dark current Idark (fA)
Thermal background current Iback (fA)
Readout noise Nread (electrons r.m.s.)
Continuum SNR (–):
VEG 25: Vegetation, SZA=25◦
SAS 25: Sand/soil, SZA=25◦
VEG 50: Vegetation, SZA=50◦
SAS 50: Sand/soil, SZA=50◦
A01 50: Albedo=0.1, SZA=50◦
A005 60: Albedo=0.05, SZA=60◦
VEG 75: Vegetation, SZA=75◦
SAS 75: Sand/soil, SZA=75◦

instrument parameters in line with current technology. Reasonable values for all parameters have been selected. They
do not necessarily reflect the latest results from the (ongoing)
specification of CarbonSat.
The instrument is assumed to be an imaging grating spectrometer system which covers the three spectral bands introduced above. Each band is covered by a Focal Plane Array
(FPA) which is assumed to consist of at least 1000 spectral
detector pixels times at least 250 detector pixels in the spatial
(across track) direction.
The SNR of the three bands determines to a large degree
if the PP emission signals can be detected. To estimate the
SNR using radiance spectra and given instrument parameters
a simple but realistic instrument model is used. The SNR is
defined as follows:
SNR =

S
,
N

(1)

where S is the measured signal (in electrons). S is the “atmospheric” signal after calibration, i.e., after subtraction of the
signal generated by the instrument. N is the noise (in electrons root mean square (r.m.s.)). The signal S is computed as
follows:
2
S = R × τ × QE × Adet /Fnum
× Nsr × 1λ × tint ,
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(2)

NIR

Band
SWIR-1

SWIR-2

757–775
0.045
3
0.5
0.6
5.76
2.0
0.1
0.0
6

1559–1675
0.34
3
0.5
0.6
5.76
2.0
3.0
0.0
300

2043–2095
0.123
3
0.5
0.6
5.76
2.0
3.0
2.0
300

410
410
340
330
250
170
220
220

420
800
340
620
350
180
180
380

70
290
50
220
90
40
22
100

where
R
is
the
observed
radiance
(in
photons/s/nm/cm2 /steradiant), τ is the dimensionless
throughput or transmission of a channel, and QE is the
detector quantum efficiency. 1λ is the detector pixel’s
spectral bandwidth (in nanometer), which is equal to the
spectral resolution Full Width at Half Maximum (FWHM)
of the instrument line shape function divided by the spectral
sampling ratio Nsr , i.e., the number of detector pixels
per FWHM. Adet is the detector pixel area, Fnum is the
F -number of the spectrometer, and tint is the integration or
exposure time.
2 ×N is equal to A ×/N ,
Note that the term Adet /Fnum
sr
ap
sr
where, Aap is the spectrometer aperture area and  is the
spectrometer acceptance (solid) angle. The product Aap ×
is typically referred to as etendue.  is determined by the
ground pixel size and the orbit altitude. Aap needs to be
chosen sufficiently large to ensure an appropriate instrument
performance, e.g., in terms of the required signal to noise
ratio. Alternatively, the instrument can be specified by its F number, Fnum , which needs to be choosen sufficiently small
to get the desired performance.

The noise N consists
of four terms, the atmospheric signal
√
S),
the
detector dark signal shot noise term
shot
noise
term
(
√
( Sdark ), the thermal background radiation signal shot noise
www.atmos-meas-tech.net/3/781/2010/
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√
term ( Sback ) and the electronic readout noise term Nread :
q
2
N = S + Sdark + Sback + Nread
(3)
The dark signal Sdark (in electrons) is computed as follows:
Sdark = Idark × tint × Q,

(4)

where Idark is the dark current in Ampere and Q equals
6.242×1018 electrons/Coulomb. The signal caused by the
thermal background radiation of the instrument, Sback (in
electrons), is given by:
Sback = Iback × tint × Q,

(5)

where Iback is the background signal in Ampere. Realistic
numerical values of these parameters are listed in Table 2
along with the resulting SNR for 8 scenarios. It is not the intention of this study to investigate in detail the performance
of specific existing devices. Instead typical performance
parameters are used. Several manufacturers offer NIR and
SWIR FPA’s with (at least) 1024 times 256 detector pixels,
which are appropriate for the application investigated here.
The sizes of the individual detector pixels are similar to the
size used here (24 µm×24 µm). The values used here for the
readout noise are on the order of the values given by different manufacturers. This is also true for the assumed quantum efficiency. The dark current significantly depends on
the operating temperature of the detector. It is assumed here
that a temperature low enough is used to ensure sufficiently
low dark signal (the default value assumed here is 3 fA for
the SWIR bands). The thermal background signal depends
on the temperature of the optical bench. It is assumed that
the optical bench temperature will be low enough to achieve
a good performance (the default value used here is 2 fA for
the SWIR-2 band). The values assumed here for the optical
throughput τ are also realistic (V. Mogulsky, Kayser-Threde
GmbH, Munich, Germany, personal communication). The
F -number is choosen to be 2, which is close to the F -number
of OCO (1.8).
Eight observation scenarios have been defined for the simulation of nadir measurements over land. They differ in surface albedo and solar zenith angle (SZA) as can be seen
from Table 2. These are the two most important parameters
which determine the radiance level and therefore the SNR.
An overview about the scenarios is given in Table 3. Different wavelength dependent surface albedos have been defined for the scenarios corresponding to vegetation (“VEG”
scenarios) and sand/soil (“SAS” scenarios) land surfaces. In
addition, scenarios with a constant surface albedo have been
defined. The same aerosol scenario has been used for all 8
scenarios (see caption Table 3).
In Bösch et al. (2006), SNR values for OCO are listed for
a scenario with an albedo of 0.05 and a solar zenith angle of
60◦ which can be compared with the SNRs listed in Table 2
for the A005 60 scenario. For the O2 -A-band (NIR band) the
reported SNR for OCO is 360 (here: 170), for the weak CO2
www.atmos-meas-tech.net/3/781/2010/

Fig. 5. A-priori (black) and perturbed (green) CO2 mixing ratio
vertical profiles used for the simulated CarbonSat measurements.
The solid green line corresponds to the CO2 mixing ratio profile at
a distance of 1.41 km from the power plant (as shown by the annotation the XCO2 is enhanced by 1.08% relative to the background
XCO2 , which is 390.0 ppm), the dotted green profile corresponds
to a distance of 2.24 km from the power plant. The assumed power
plant emission is F =13 MtCO2 /yr and the assumed wind speed is
u = 2m/s.

band (SWIR-1) the OCO SNR is 250 (here: 180), and for
the strong CO2 band (SWIR-2) the OCO SNR is 180 (here:
40). The SNRs for OCO are higher than those for CarbonSat,
as significant binning (co-adding) of spectra is applied. This
is possible for OCO due to its small number of across-track
ground pixel compared to Carbonsat (OCO: 8 across-track
ground pixel and 10 km swath width, CarbonSat: 250 ground
pixel and 500 km swath width).
Note that the SNRs listed in Table 2 differ somewhat compared to the SNRs given in Table 2 of Bovensmann et al.
(2010), as the updated simulations differ slightly with respect to integration time and aerosol scenario (see above).
Figure 3 shows the SNR as a function of the radiance measured in nadir mode. The SNR has been computed using
the approach and parameters presented above. Also shown
in Fig. 3 is the SNR in the shot noise limit, i.e., assuming no noise contributions from the detector and its readout
electronics and from the thermal background radiation. The
optimization of the CarbonSat instrument concept is an ongoing activity but for the results presented in this publication the instrument parameters have not been updated, i.e.,
are identical with the ones used in the AMTD version of
Atmos. Meas. Tech., 3, 781–811, 2010
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Table 3. Specification of eight scenarios and corresponding retrieval precisions for CO2 and CH4 columns, surface pressure (po ), XCO2 (po )
and XCO2 (CH4 ) for CarbonSat nadir mode observations. XCO2 (po ) refers to XCO2 obtained using the “po -proxy method” and XCO2 (CH4 )
refers to XCO2 obtained using the “CH4 -proxy method” (see main text for details). Aerosol scenario: single scattering albedo 0.999, HenyeyGreenstein phase function with asymmetry parameter 0.7, aerosol optical depth (AOD) 0.2 at 550 nm with λ−1 wavelength dependence.

Scenario
VEG 25:
SAS 25:
VEG 50:
SAS 50:
A01 50:
A005 60:
VEG 75:
SAS 75:

Surface albedo (–)
NIR / SWIR-1 / SWIR-2
Vegetation, SZA=25◦
Sand/soil, SZA=25◦
Vegetation, SZA=50◦
Sand/soil, SZA=50◦
Albedo=0.1, SZA=50◦
Albedo=0.05, SZA=60◦
Vegetation, SZA=75◦
Sand/soil, SZA=75◦

0.20/0.10/0.05
0.20/0.30/0.30
0.20/0.10/0.05
0.20/0.30/0.30
0.10/0.10/0.10
0.05/0.05/0.05
0.20/0.10/0.05
0.20/0.30/0.30

this manuscript (Bovensmann et al., 2010). As indicated by
Fig. 3, the SNR of the SWIR-2 band can be improved by
minimising the noise due to thermal background radiation.
Ongoing activities indicate that for SWIR-2 a significantly
higher SNR is achievable. Therefore, depending on detector
choice and instrument temperature, significant improvements
in the SNR performance especially for the SWIR-2 band can
be expected. The SNR values used in this study are therefore
conservative estimates, especially for the SWIR-2 band.
The signal and the SNR for the vegetation scenario with a
SZA of 50◦ are shown in Fig. 4. The SNR is important as it
determines the theoretically achievable retrieval precision of
the atmospheric parameters. How the CO2 retrieval precision
is obtained from the simulated signal and its error (inverse
SNR) is described in the next section.
5.2

Atmospheric CO2 retrievals

In order to estimate the CO2 column retrieval precision given
the measured spectrum and its error an Optimal Estimation
(OE) retrieval algorithm is used. The underlying theory is described in detail in (Rodgers, 2000). The algorithm used is an
initial implementation of a new algorithm which is under development for improved SCIAMACHY CO2 retrieval, and is
referred to as “Bremen optimal EStimation DOAS” (BESD)
(Buchwitz et al., 2009; Reuter et al., 2010). The version of
BESD used here for CarbonSat significantly differs from the
versions used for SCIAMACHY described in Buchwitz et al.
(2009) and Reuter et al. (2010), e.g., with respect to the state
vector elements. Below we give a short description of BESD
as used for this study. A detailed description is given in Appendix B.
CarbonSat is assumed to measures radiance spectra
Ri ≡R(λi ) in nadir mode at discrete wavelengths λi as well
as the solar irradiance, Fi ≡F (λi ). From these two quantities
the (measured) sun-normalized radiance or intensity Ii can
Atmos. Meas. Tech., 3, 781–811, 2010

SZA
(deg.)

CO2 col.
(%)

po
(%)

Retrieval precision
CH4 col. XCO2 (po )
(%)
(ppm)

XCO2 (CH4 )
(ppm)

25
25
50
50
50
60
75
75

0.26
0.14
0.29
0.17
0.27
0.43
0.40
0.24

0.08
0.07
0.06
0.06
0.07
0.14
0.11
0.11

0.37
0.21
0.42
0.23
0.42
0.77
0.63
0.31

1.8
0.9
2.0
1.1
1.9
3.4
2.9
1.5

1.1
0.6
1.2
0.7
1.1
1.8
1.6
1.0

be computed: Ii ≡π Ri /Fi . Measurement vector y has elements yi ≡ln(Ii ). The corresponding model quantity y mod
is obtained with the radiative transfer model (RTM) SCIATRAN (Buchwitz et al., 2000a; Rozanov et al., 2002). The
version of BESD used for this study is based on linearizing
the logarithm of the sun-normalized radiance around an assumed (atmospheric) state denoted by the a priori state vector
x a , i.e., the following equation is used for y mod as a function
of state vector x:
y mod (x) = y a + K(x − x a ).

(6)

Here y a ≡y mod (x a ), i.e., y a is the logarithm of the intensity
for state vector x a . Matrix K contains the derivatives of the
logarithm of the intensity with respect to the state vector elements and is typically referred to as Jacobian matrix.
BESD is based on minimizing the following cost function
C(x):
mod
mod
C(x) = (x − x a )T S−1
(x))T S−1
(x)). (7)
xa (x − x a ) + (y − y
y (y − y

Here Sxa is the a-priori uncertainty (or variance/covariance)
matrix of state vector x a . Sy is the measurement error variance/covariance matrix. ()T denotes matrix transpose and
()−1 denotes matrix inverse. The solution of this estimation
problem is an estimate of the state vector, x̂, and its variance/covariance matrix Ŝx (how this solution can be obtained
is described in Appenidx B).
The simulated CarbonSat radiance measurements have
been obtained by solving the full multiple scattering radiative transfer equation without assuming linearity. For the
simulations different CO2 mixing ratio profiles have been defined. The a-priori CO2 profile has a constant mixing ratio
of 390 ppm. For the simulated measurements at and around
PPs the CO2 profiles with enhanced mixing ratios in the lowest 1–2 km of the atmosphere have been defined. This enhancement is assumed to be caused by the PP CO2 emission.
The a-priori profile and two profiles at two different distances
www.atmos-meas-tech.net/3/781/2010/
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from the location of the PP are shown in Fig. 5 along with the
numerical values of the corresponding CO2 vertical columns
and XCO2 . As can be seen, the profiles have been defined
such that the peak altitude of the CO2 mixing ratio and the
vertical width increase with increasing distance from the PP.
Of concern are of course not only random errors but also
systematic errors especially due to clouds and aerosols. It
is assumed that only sufficiently cloud free scenes are useful
for the application discussed here. Furthermore, the BESD
retrieval algorithm accounts to some extent for disturbing
scattering effects due to residual (i.e., very thin and/or very
small, i.e., sub-pixel) clouds and aerosols. This is achieved
by exploiting the information content of the three spectral regions, in particular the two spectral regions covered by the
NIR and the SWIR-2 bands (Kuang et al., 2002). Additional
very useful information can be obtained from the simultaneously retrieved methane column using its absorption lines located next to the CO2 lines in band SWIR-1 as the retrieved
methane column will suffer from similar scattering related
errors as the retrieved CO2 column. This can be used to
identify and correct scattering related biases similar to what
is done for SCIAMACHY methane retrieval (Frankenberg et
al., 2005, 2008; Schneising et al., 2009). This approach requires that the methane variability is small compared to the
variability of CO2 over the scene of interest (in terms of the
relative enhancement of the vertical column) as is typically
the case for the application discussed here.
Table 3 lists XCO2 retrieval precisions obtained using
two different methods: (i) using the retrieved surface pressure (po ; this information comes primarily from the O2 -Aband spectral region, see Jacobian for state vector element
PSU 00 in Appendix 2 Fig. B1); this method is referred to as
“po -proxy method” in this manuscript and the corresponding XCO2 is denoted XCO2 (po ), and (ii) the “CH4 -proxy
method”, based on the simultaneously retrieved CH4 column used to convert the retrieved CO2 column into a dry air
column-averaged mixing ratio referred to as XCO2 (CH4 ) in
this manuscript (the exact definition is given in Appendix B).
As can be seen from Table 3, the statistical uncertainty
of the retrieved XCO2 (po ) is better (smaller) compared to
XCO2 (CH4 ). The main reason for this is the higher SNR in
the NIR band (O2 -A-band) compared to the SWIR-1 band
where the CH4 column information is coming from. As can
be seen, the XCO2 (po ) retrieval precision is typically in the
1–2 ppm range (0.25–0.5%) for all cases. The XCO2 (CH4 )
retrieval precision is 2 ppm (0.5%) or better for the vegetation and soil albedo scenarios except for the (low albedo and
low sun) VEG 75 scenario.
A statistical error of the retrieved atmospheric CO2 due to
instrument noise as discussed in this section results in uncertainties of the inferred PP CO2 emission. How these emission uncertainties can be estimated is described in the next
section, where also other error sources are discussed, including systematic errors.
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5.3

Error analysis

In this section uncertainties of the retrieved PP CO2 emissions are quantified. For this purpose the quasi stationary
Gaussian plume forward model introduced in Sect. 3 is used
in combination with a weighted linear least-squares emission
flux inversion method. The impact of random and systematic
errors of the CarbonSat XCO2 (or CO2 column) observations
at and around the location of the PPs on the inferred emission
is quantified for different conditions and error sources.
The model used to fit the simulated plume to the XCO2 observations has two free parameters: (i) the PP CO2 emission,
F , and (ii) a background atmospheric CO2 scaling parameter,
denoted s, which has been added to the model to ensure that
the emission flux inversion is less sensitive to systematic errors of the background XCO2 . The scaling factor, s, ensures
that the flux inversion is insensitive to a constant (scene independent) multiplicative XCO2 retrieval error. These type of
errors may result from erroneous assumptions on the background aerosol, the assumed methane a-priori profile (if the
“CH4 -proxy method” is used to obtain XCO2 ), errors of
spectroscopic parameters (e.g., line strength), or other reasons. Including the scaling parameters in the least-squares
fit ensures that only the “differential” CO2 column enhancement due to the PP CO2 emission relative to the background
is exploited in order to infer the PP CO2 emission from the
observed atmospheric CO2 spatial pattern.
The theoretical retrieval precision is an important quantity
to characterize the performance of the satellite as it essentially determines the detection limit of the sensor. Of course
of concern are also other errors caused by, e.g., unaccounted
or not perfectly accounted scattering effects by aerosols and
clouds and errors resulting from imperfect knowledge of critical meteorological parameters such as wind speed, wind direction and horizontal mixing. In the following, initial error
estimates for these (typically systematic) error sources are
also presented and discussed. A full discussion of (all) systematic errors is out of the scope of this study.
End-to-end OSSE have been performed in order to estimate random and important systematic errors (aerosols, vertical CO2 and CH4 profiles, clouds, atmospheric transport)
of the inferred PP emissions based on the satellite CO2 observations and their random and systematic errors. In the
following section, this is illustrated using radiance and SNR
simulations for the VEG 50 scenario and for aerosol related
systematic XCO2 retrieval errors.
5.3.1

Errors due to aerosols

Figure 6 shows OSSE results for a scenario defined to quantify aerosol related errors. The simulation is valid for a surface albedo corresponding to vegetation and for a SZA of
50◦ , i.e., for the VEG 50 scenario. The assumed true PP
emission is Ftrue = 13.0 MtCO2 /yr the assumed wind speed
is u = 2 m/s (see annotation in the top right of Fig. 6). Shown
Atmos. Meas. Tech., 3, 781–811, 2010

792

H. Bovensmann et al.: Monitoring CO2 emissions from space

Fig. 6. Detailed results from a CarbonSat Observing System Simulation Experiment (OSSE) conducted to quantify random and systematic
errors of power plant (PP) CO2 emissions. Starting point is the simulation of the true CO2 emission plume of a PP shown in the bottom left
panel (“True column”). The PP is located in the bottom left corner of each panel. The assumed true emission is F =13.0 MtCO2 /yr. Shown is
the horizontal distribution of the normalized CO2 column (normalized to the background column of 6000 g/m2 ) or, equivalently, normalized
XCO2 . The top row panels show (from left to right) the CO2 columns as observed by CarbonSat and their random and systematic errors. The
random error (1-sigma) originates from the instrument noise. The systematic error in this example originates from unaccounted scattering
by aerosols emitted by the PP. It is assumed that the PP aerosol plume is perfectly correlated with the (3-dimensional) PP CO2 plume. It
is also assumed that an enhancement of 1% of the CO2 column corresponds to an enhancement of the aerosol scattering optical depth of
+0.5 (at 550 nm). The bottom middle panel shows the plume model fitted to the observations. The bottom right panel shows the “Model
– observation” mismatch after the fit. The end results of the inversion are shown in the grey shaded box in the bottom right corner: The
retrieved emission is 13.22±1.47 MtCO2 /yr. Also shown are the corresponding values of the second fit parameter (s), which accounts for a
possible offset of the background column between the model and the observation (in this case there is no offset). Also listed are a number
of important other parameters such as σv , which is the mean statistical uncertainty of the retrieved CO2 column, or equivalently XCO2
(here σv =0.47%, i.e., approx. 2 ppm), meteorological parameters (wind speed, direction and horizontal mixing), and observation statistic
results (maximum CO2 column enhancement in percent relative to the background (here 1.78%) and the number of ground pixels where the
enhancement is larger than a given factor times the 1-sigma XCO2 retrieval precision σv ). For this example the “CH4 -proxy method” has
been used to obtain XCO2 . As can be seen, the systematic error of the retrieved emission is 0.22 MtCO2 /yr (13.22–13.0).

are the “true plume” at high spatial resolution (bottom left
panel), the “observed plume” at 2×2 km2 CarbonSat resolution (top left panel), the corresponding XCO2 random error
due to instrument noise (top middle panel), the assumed systematic error (in this case due to aerosols; see below for a
detailed discussion; top right panel) and the difference between the model and the observations after the least-squares
fit. The measurement directly over the PP is not used for the
emission flux inversion to avoid potential problems with op-
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tically thick water clouds originating from the PP emissions
in the vicinity of the PP.
The main results of the inversion are shown in the grey
shaded box in the bottom right corner of Fig. 6: The retrieved
emission is Fret =13.22±1.47 MtCO2 /yr, i.e., the statistical
uncertainty due to instrument noise is 1.47 MtCO2 /yr (1sigma) and the systematic error is +0.22 MtCO2 /yr (=13.22–
13.0). The systematic error in this case is due to unconsidered aerosols in the PP plume. For the XCO2 retrieval, a
www.atmos-meas-tech.net/3/781/2010/
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Fig. 7. As Fig. 6 but using the “po -proxy method” to obtain XCO2 . As can be seen, the XCO2 retrieval precision is better compared to
the “CH4 -proxy method” (here 0.3% compared to 0.47%, see Fig. 6) but the systematic error due to aerosols is larger (−2.38 compared to
+0.22 MtCO2 /yr).

Fig. 8. Assumed background vertical profiles of CO2 (left, green) and CH4 (right, green) selected because they significantly differ from the
corresponding a-priori profiles (black) used for XCO2 and XCH4 retrieval and because they also differ with respect to each other. They
have been derived from CarbonTracker (Peters et al., 2007) and TM5 model data (Bergamaschi et al., 2007) and correspond to mid August,
longitude 75◦ E, latitude 60◦ N.
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Fig. 9. As Fig. 6 but using the vertical profiles of CO2 and CH4 shown in green in Fig. 8 for generating the CarbonSat XCO2 observations
(the a-priori profiles used for the retrieval are the black profiles shown in Fig. 8). Here the true PP emission is 13 MtCO2 /yr, the wind speed
is 4 m/s and the assumed aerosol OD enhancement is +0.5 per percent XCO2 enhancement.

single constant default aerosol scenario has been used based
on the (wrong) assumption that the PP is not emitting any
aerosols. The default aerosol scenario is the one described
in the caption of Table 3. For the simulation of the observed
radiances, different aerosol scenarios have been defined for
each individual measurement, i.e., for each of the 2×2 km2
ground pixels shown in Fig. 6. For the simulated measurements it has been assumed that the PP not only emits CO2
but in addition aerosols and it has also been assumed that the
PP aerosol plume is perfectly correlated with the CO2 plume
(a worst case situation) in the horizontal and in the vertical
direction. It has been assumed that the aerosol scattering optical depth (OD) at 550 nm is enhanced by +0.5 for each percent XCO2 (or CO2 column) enhancement caused by the PP
CO2 emission. For the example shown in Fig. 6 the XCO2
has been obtained using the “CH4 -proxy method”, which is
supposed to be less sensitive to aerosol related errors compared to XCO2 obtained using the “po -proxy method”. This
is confirmed by Fig. 7, which shows the corresponding results for the “po -proxy method”. As can be seen, the systematic emission error is −2.38 MtCO2 /yr (=10.62–13.0), which
is significantly larger than the +0.22 MtCO2 /yr obtained with
the “CH4 -proxy method”.
Atmos. Meas. Tech., 3, 781–811, 2010

How realistic is an increase of the aerosol scattering OD of
+0.5 per percent XCO2 enhancement? Prasad et al. (2006)
have determined aerosol OD enhancements due to large PPs
in India relative to their surroundings using MODIS data.
Their Fig. 3 shows typical aerosol OD enhancements in the
range 0.2–0.5 at 10 km resolution. As the spatial resolution
of CarbonSat is higher, their findings cannot directly be used
for this study. The aerosol OD enhancements can however
roughly be estimated as follows: A typical lignite or hard
coal fired PP emits about 1 kgCO2 per kWh. This corresponds to 10 MtCO2 /yr for a PP which produces 1010 kWh
electrical energy per year (1140 MW PP). Assuming that the
emission factor of particulate matter with particles sizes
less than 10 µm, i.e., PM10 , is 1 gPM10 /kWh (e.g., according to http://www.eoearth.org/article/Emissions factors,
0.85 gPM10 /kWh is a typical value), then 1 gPM10 is emitted per kgCO2 . The CO2 background column is about
6 kgCO2 /m2 . A 1% CO2 column enhancement therefore corresponds to 60 gCO2 /m2 . If 1 gPM10 is emitted per kgCO2 ,
a CO2 column enhancement of 1% or 60 gCO2 /m2 corresponds to a PM10 enhancement of 60 mgPM10 /m2 . Assuming that the vertical extent of the (well mixed) PP plume
at some distance from the PP is 2 km, then 60 mgPM10 /m2
www.atmos-meas-tech.net/3/781/2010/
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Fig. 10. OSSE results illustrating the effect of assuming a wrong wind direction, in this case 57◦ instead of 60◦ . As can be seen, this
results in a characteristic mismatch between model and observation as shown in panel “Model – observation”. Here the true PP emission is
26 MtCO2 /yr and the wind speed is 4 m/s.

corresponds to a concentration of 30 µgPM10 /m3 . Using the linear relation between PM10 (in µgPM10 /m3 ) and
aerosol OD (at 440 nm) reported by Péré et al. (2009) (i.e.,
PM10 =54×AOT+13), it follows that 30 µgPM10 /m3 roughly
corresponds to an increase of the aerosol OD of 0.5. This
shows that the assumption of an aerosol OD enhancement
of 0.5 per percent CO2 column enhancement is quite reasonable. Depending on the type of coal burned and other
factors such as used filter technology, the aerosol emissions
can probably be lower or larger. We therefore have also performed simulations assuming an aerosol OD enhancement of
+2.0 per percent CO2 column enhancement. The results are
summarized in Table 4 (a detailed discussion is given below).
Our simulations show that aerosol related errors are lower
if the “CH4 -proxy method” is used compared to the “po proxy method” due to better cancellation of systematic errors when the CO2 to CH4 ratio is computed. The CH4
background vertical profile is however not perfectly known
and this is also true for the CO2 background vertical profile. To quantify the corresponding error of the retrieved PP
CO2 emission we have generated synthetic observations using CO2 and CH4 vertical profiles, which are significantly
www.atmos-meas-tech.net/3/781/2010/

different from the a-priori profiles used for the retrieval and
also differ with respect to each other. For this purpose vertical profiles of CO2 and CH4 have been extracted from
global models using CarbonTracker for CO2 (Peters et al.,
2007) and TM5 for CH4 (using scenario S1 from Bergamaschi et al., 2007). Figure 8 shows two profiles which
differ significantly from the corresponding a-priori profiles
and have an opposite vertical gradient. The corresponding
PP emission flux errors which results from using these model
profiles for the generation of the synthetic observations and
assuming aerosol OD enhancements of +0.5 and +2.0 per
percent CO2 column enhancement, i.e., under very unfavorable (worst case) conditions for the retrieval, are listed in
Table 4 (see also Fig. 9). The systematic PP emission flux
error is 2.41 MtCO2 /yr (20% of 13 MtCO2 /yr) if the aerosol
OD enhancement in the PP plume is +2.0 per percent CO2
column enhancement if the “CH4 -proxy method” is used.
The error is significantly larger when the “po -proxy method”
is used. The “CH4 -proxy method” results in a systematic
XCO2 retrieval error as the assumed a-priori XCH4 value
differs from the true XCH4 value (for the example shown
in Fig. 9 the systematic error is −3.2%) but this offset is
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Fig. 11. Top left: Statistical error of the retrieved PP CO2 emission as a function of the PP emission (x-axis) and wind speed (y-axis). Top
right: Corresponding peak CO2 column enhancement of the CO2 emission plume. Bottom left: Number of ground pixels during single
CarbonSat overflights where the CO2 column enhancement is larger than 4 ppm. Bottom right: Number of ground pixels where the CO2
enhancement is larger than 6 ppm. The assumed retrieval precision is 2 ppm (1-sigma).

nearly constant over the scene and compensated for by the
CO2 background column scaling parameter s, which is included in the least-squares fit to ensure that the inversion is
insensitive to these kind of XCO2 retrieval errors.
5.3.2

Errors due to clouds

For the results presented in this manuscript it is assumed that
the scene around the PPs is sufficiently cloud free. CarbonSat can detect thick clouds for example by analysing the retrieved vertical columns of the three well mixed gases O2 ,
CO2 , and CH4 . If the retrieved columns of all three gases is
significantly lower than the corresponding a-priori columns
this is due to the shielding effect of clouds in the field of
view. In order to enhance the sensitivity to clouds, especially to small (sub-pixel) clouds, CarbonSat is planned to
be equipped with an additional instrument, the Cloud and
Atmos. Meas. Tech., 3, 781–811, 2010

Aerosol Imager (CAI), which is supposed to be similar to the
CAI onboard GOSAT (Kuze et al., 2009).
PPs however typically also emit significant amounts of water vapor which may condense and form water clouds in their
vicinity. In order to avoid potential problems with optically
thick water clouds originating from the PP itself, the measurement directly over the PP is typically not used in this
study (see, e.g., Fig. 6). Typically the PP water cloud evaporates after a few hundred meters along the wind direction
but it may happen that this cloud extends over more than
one or two kilometers under certain conditions. We have
therefore estimated to what extend the precision of the retrieved PP CO2 emission is degraded when measurements
closer than a given distance, dmin , to the PP are rejected. The
results are listed in Table 5. As can be seen, the precision
gets only slightly worse even if all measurements within a
radius of 4 km around the PP are rejected, i.e., not used for
www.atmos-meas-tech.net/3/781/2010/
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Table 4. Systematic and random (1-sigma) errors of retrieved PP CO2 emissions. The systematic errors are caused by neglecting PP aerosol
emissions. The PP aerosol scattering vertical profile (i.e., the enhancement relative to a-priori aerosol background profile) is assumed to be
perfectly correlated with the CO2 profile enhancement originating from the PP CO2 emission. The assumed enhancement of the aerosol
scattering optical depth per 1% enhancement of XCO2 relative to the background is listed in the first column. The assumed PP emission is
13 MtCO2 /yr. The measurement directly over the PP has not been used for the results shown here.
Aerosol
enhancement
(–)

Background
profiles

Wind
speed
(m/s)

Retrieval
method

Systematic error of
retrieved PP emission
(MtCO2 /yr)

Random error of
retrieved PP emission
(MtCO2 /yr)

Comment

0.5
0.5
0.5
0.5

A-priori
A-priori
A-priori
A-priori

2
2
4
4

CH4 -proxy
po -proxy
CH4 -proxy
po -proxy

+0.22 (1.7%)
−2.38 (18.3%)
−1.40 (−10.8%)
−4.77 (−36.7%)

1.47 (11.3%)
0.92 (7.1%)
2.95 (22.7%)
1.86 (14.3%)

see Fig. 6
see Fig. 7

0.5
0.5

See Fig. 8
See Fig. 8

4
4

CH4 -proxy
po -proxy

−1.81 (−13.9%)
−4.74 (−36.5%)

2.82 (21.7%)
1.87 (14.4%)

see Fig. 9

2.0
2.0

See Fig. 8
See Fig. 8

4
4

CH4 -proxy
po -proxy

−2.41 (−18.5%)
−7.55 (−58.1%)

2.74 (21.1%)
1.83 (14.1%)

the emission flux inversion. This result was to be expected as
the precision depends only weakly (square root dependence)
on the number of measurements used for the least-squares fit.
5.3.3

Errors due to advection and mixing

A good knowledge of the wind speed is required for the PP
CO2 emission inversion. As can be seen from the formula
for the Gaussian plume model given in Appendix A, the CO2
column enhancement due to the PP emission depends on the
ratio of the CO2 emission (F ) and the wind speed (u). The
relative error of the inferred emission is therefore equal to the
relative error of the wind speed. If the assumed wind speed
is, for example, 10% too high, the retrieved emission will
also be 10% too high. As shown in Table 6 this is confirmed
by the simulated inversions.
Table 6 also lists the sensitivity of the retrieved emission
with respect to wind direction and the parameter used for the
parameterization of the horizontal mixing (parameter a defined in Appendix A). As can be seen, an error of the wind
direction of 3◦ may result in an error of the retrieved emission of about 10%. In contrast to the wind speed, these type
of errors result in a characteristic mismatch between the observed and the modeled plume. This is illustrated in Fig. 10
for the wind direction related mismatch. It is therefore reasonable to assume that these type of modeling errors can be
detected and partically corrected.
5.3.4

Fig. 12. Power plant (PP) emission statistics for selected countries
and for the entire world. Shown is the fraction of a country’s total
PP emission emitted by PPs which emit more than a given amount.
If, for example, only the emission of PPs which emit more than
5 MtCO2 /yr can be observed by CarbonSat this would mean that
about 60% of the PP emissions in the USA could be captured. Also
listed are the fraction of a country’s PP emissions relative to the
country’s total anthropogenic CO2 emission (see percentage values
listed next to the country names). The emissions per country have
been obtained from the BP data based (Statistical Review of World
Energy, http://www.bp.com) and the PP emissions have been obtained from the CARMA data base (http://carma.org).

Statistical uncertainty due to instrument noise

The statistical error of the retrieved PP emission due to
instrument noise, i.e., the precision, depends on the wind
speed. This is illustrated in Fig. 11, where the precision of
the retrieved PP emission is shown as a function of PP emission and wind speed. The precision (1-sigma) is to a good
www.atmos-meas-tech.net/3/781/2010/

approximation 0.8 MtCO2 /yr per 1 m/s wind speed. The absolute value of the precision (in MtCO2 /yr) is independent of
the PP emission but, of course, the relative error is the smaller
the larger the PP emissions is. For large PPs (30 MtCO2 /yr)
the statistical error is less than about 10% for wind speeds
Atmos. Meas. Tech., 3, 781–811, 2010
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Fig. 13. CarbonSat orbital coverage for one day (21 June) for a swath width of 500 km corresponding to 250 across-track ground pixels of
width 2 km each. Over land the main mode is the nadir mode (the coverage is shown in green) and over water the sun-glint mode (blue). All
ground pixels on the day side are included up to a solar zenith angle of 80◦ .

Fig. 14. Clear sky probability for 16×16 km2 large scenes for one year (2008) obtained from the MODIS/Aqua cloud mask data product.
The white circles show the positions of selected power plants (see also Table 7). The numbers in the circles show the numerical values of the
clear sky probabilities in an area of 16×16 km2 around the power plants.

up to 3–4 m/s but for smaller PPs (e.g., 5 MtCO2 /yr) the error may be larger than 10% even for wind speeds as low as
1 m/s. These precisions are valid for single PP overpasses
and can be interpreted as CO2 emission detection limit for
PPs and other CO2 point sources such as volcanoes.
Figure 11 also shows relevant additional information about
the CO2 plume as a function of PP emission and wind speed
such as the maximum CO2 column enhancement (in the
Atmos. Meas. Tech., 3, 781–811, 2010

plume) and the number of CarbonSat measurements (ground
pixels), where the CO2 column enhancement is larger than
two times or three times the noise level. If for a sufficiently
large number of measurements the CO2 column enhancement is larger than the noise, then the PP CO2 plume will be
clearly visible “by eye” when a map of the retrieved XCO2
at the PP location and its surrounding is generated. This requirement is fulfilled for the conditions shown by the green
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and red colors in the bottom panels of Fig. 11. These requirements are typically fulfilled if the statistical emission
flux error is less than 10%.
The results shown in this section indicate that - depending
on wind speed - the emission of moderate to strong PPs can
typically be detected and quantified. Therefore the question
arises how relevant it is if only large PPs can be monitored.
To answer this, we have analyzed CO2 emission data bases.
Figure 12 shows PP emission statistics for several countries.
PPs emitting more than 5 MtCO2 /yr are responsible for about
60% of the total PP emissions of the countries shown in
Fig. 12. The emissions of PPs emitting 5 MtCO2 /yr can be
quantified by CarbonSat probably only under low wind speed
conditions (around 1 m/s). The results discussed so far correspond to single PP overpasses under (nearly) cloud free conditions. In order to estimate how many useful measurements
can be obtained in a given time period, the expected number
of sufficiently cloud free overpasses needs to be determined.
This aspect is discussed in the next section.
6
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Table 5. Statistical uncertainties of the retrieved single overpass
power plant (PP) CO2 emissions (1-sigma) for different minimum
distances (radii) around power plants (dmin ) defined to reject measurements in the vicinity of the PP which may be contaminated by
optically thick (water) clouds originating from the PP emission. The
assumed XCO2 retrieval precision is 2 ppm.

Clear sky statistics for power plant overpasses

The satellite observations are based on reflected solar radiation, which cannot penetrate through thick clouds. Therefore sufficiently cloud free scenes are needed. To determine
the probability for a sufficiently cloud free scene for CarbonSat PP overpasses, one year of high resolution (1 km) global
MODIS/Aqua Collection 5 Level 2 Cloud Mask data products (Ackermann et al., 1998, 2008; Frey et al., 2008) has
been analyzed. MODIS/Aqua has essentially the same orbit as assumed here for CarbonSat (sun-synchronous, Local Time Ascending Node (LTAN) 13:30). MODIS/Aqua
is therefore well suited for this application. The daily orbital coverage of CarbonSat for one selected day is shown in
Fig. 13 for illustration.
Figure 14 shows the resulting clear sky probabilities for
the year 2008. The clear sky probabilities shown are valid
for 16 km×16 km large scenes, i.e., for given (PP) locations
and their surroundings. As the MODIS/Aqua cloud masking
algorithm is very strict, the results presented here are quite
conservative. It is likely that scences with partial cloud cover
can also be used for PP emission monitoring. It needs to be
investigated in a future study to what extent the strict filtering
criteria used here can be relaxed to increase the number of
useful observations.
Also shown in Fig. 14 are the locations of several PPs and
the clear sky probability at their location. The numerical values are also listed in Table 7 along with the clear sky probabilities for the four seasons. PP names, locations and CO2
emissions have been obtained from the CARMA data base
(http://carma.org). As shown in Table 7, typical near-surface
wind speeds for clear sky CarbonSat overpasses are in the
range 2–6 m/s. As can also be seen from Table 7, typically
20 cloud free overpasses per year can be expected for a given
power plant.
www.atmos-meas-tech.net/3/781/2010/
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PP emission
(MtCO2 /yr)

Wind speed
(m/s)

dmin
(km)

Uncertainty retrieved PP
emission (MtCO2 /yr)

6.5
6.5
6.5
6.5
6.5
6.5
6.5
6.5
6.5

2
2
2
4
4
4
6
6
6

0
1
4
0
1
4
0
1
4

1.54 (23.7%)
1.57 (24.2%)
1.66 (25.5%)
3.06 (47.1%)
3.14 (48.3%)
3.31 (50.9%)
4.60 (70.8%)
4.71 (72.5%)
4.97 (76.5%)

13.0
13.0
13.0
13.0
13.0
13.0
13.0
13.0
13.0

2
2
2
4
4
4
6
6
6

0
1
4
0
1
4
0
1
4

1.54 (11.8%)
1.58 (12.2%)
1.67 (12.8%)
3.07 (23.6%)
3.15 (24.2%)
3.32 (25.5%)
4.60 (35.4%)
4.72 (36.3%)
4.97 (38.2%)

26.0
26.0
26.0
26.0
26.0
26.0
26.0
26.0
26.0

2
2
2
4
4
4
6
6
6

0
1
4
0
1
4
0
1
4

1.55 (6.0%)
1.59 (6.1%)
1.68 (6.5%)
3.08 (11.8%)
3.16 (12.2%)
3.33 (12.8%)
4.61 (17.7%)
4.73 (18.2%)
4.99 (19.2%)

Emissions from other point sources

In this section we shortly discuss the potential of CarbonSat
to also detect and quantify the CO2 and CH4 emissions of
point sources other than power plants.
Among other strong CO2 point sources are, for example,
large steel producing factories, that emit CO2 in quantities
which are comparable with the emissions by coal-fired PPs.
It is estimated that more than 1 MtCO2 per year is emitted for
each Mt steel produced (Aichinger, 2007). Large steel producing factories produce several Mt steel per year and therefore are expected to emit several MtCO2 /yr.
Another category of strong point source CO2 emitters are
volcanoes. Certain volcanoes emit CO2 in amounts comparable to coal-fired PPs. For rexample, the average 1975–
1987 diffuse, i.e., non-eruptive, CO2 emission of Mount
Etna, Italy, is reported to be 13 MtCO2 /yr and the CO2
emission of the Eyjafjalla volcano in Iceland is estimated
to 150 000 tCO2 /day (55 MtCO2 /yr) during its eruptions in
Atmos. Meas. Tech., 3, 781–811, 2010
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Table 6. Errors of the retrieved power plant (PP) CO2 emissions due to errors of the meteorological parameters wind speed (true value:
4 m/s), wind direction (true value: 60◦ ) and horizontal mixing in the across wind direction (parameter a, see Appendix A; true value:
a=104).
PP emission
(MtCO2 /yr)

Wind speed
error (%)

Wind direction
error (deg)

Horiz.mixing
error (%)

Error of retrieved PP
emission (MtCO2 /yr)

13.0
13.0
13.0
13.0
13.0
13.0

+10.0
−10.0
−
−
−
−

−
−
+3
−3
−
−

−
−−
−
+30
−30

+1.3
−1.3
−1.0
−1.1
+1.3
−1.6

26.0
26.0
26.0
26.0
26.0
26.0

+10.0
−10.0
−
−
−
−

−
−
+3
−3
−
−

−
−
−
−
+30
−30

+2.6
−2.6
−2.0
−2.2
+2.6
−3.3

Comment

see Fig. 10

Table 7. Clear sky probabilities for CarbonSat overpasses over different selected power plants, ordered by latitude, for one entire year and for
the four seasons December–February (DJF) to September–October (SON), derived from the MODIS/Aqua 2008 cloud mask data product.
The clear sky probabilities are valid for 16 km×16 km large scenes. The power plant names, locations and emissions have been obtained
from the CARMA data base (http://carma.org). Also listed are wind speed percentiles for cloud free CarbonSat overpasses obtained from
ECMWF meteorological data (surface level, year 2008). N is the number of cloud free PP overpasses per year (here: 2008).

Power plant name
REFTINSKAYA SDPP
DRAX
JANSCHWALDE
SCHWARZE PUMPE
BELCHATOW
NIEDERAUSSEM
TUOKETUO-1
GIBSON
NAVAJO
TANGJIN
ZOUXIAN
OROT RABIN
WA PARISH
VINDHYACHAL
TAISHAN
PETACALCO
TALCHER STPS
RAMAGUNDAM
MAE MOH
NEYVELI
SURALAYA
KENDAL
BAYSWATER
ERARING

Country
Russia
UK
Germany
Germany
Poland
Germany
China
USA
USA
South Korea
China
Israel
USA
India
China
Mexico
India
India
Thailand
India
Indonesia
South Africa
Australia
Australia

CO2 emission
(MtCO2 /yr)
22.2
22.6
27.4
11.9
34.6
30.4
24.7
22.4
19.1
24.7
34.5
21.2
20.9
20.2
19.6
19.3
23.4
21.4
21.7
20.5
25.8
26.8
19.8
19.8
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Lat.
(deg)

Long.
(deg)

Year
(%)

Clear sky probability
DJF MAM
JJA
(%)
(%)
(%)

SON
(%)

Wind speed percentiles
25% / 50% / 75%
(m/s)

N

57.1
53.7
51.8
51.5
51.3
51.0
40.8
40.5
36.9
36.9
36.4
32.4
29.5
24.4
22.2
21.2
20.8
18.4
18.3
11.5
−6.1
−30.1
−32.3
−33.1

61.6
−1.0
14.4
14.3
19.3
6.7
111.8
−88.3
−111.4
126.6
116.0
34.9
−95.6
81.9
112.8
−99.0
85.1
79.2
99.7
79.5
106.1
27.1
150.9
151.5

7.0
6.8
8.7
8.7
10.0
8.7
23.6
17.4
34.9
17.3
25.2
35.1
20.5
38.1
14.1
19.7
25.4
32.1
10.4
11.4
2.8
31.6
22.0
27.4

1.6
15.9
8.5
8.5
7.6
14.3
9.2
8.1
9.5
17.8
19.7
24.8
19.3
73.5
32.6
34.3
58.8
69.1
29.9
20.6
0.2
13.3
10.7
17.8

8.3
4.7
9.2
9.2
6.8
8.4
20.6
18.1
34.6
26.1
34.5
35.8
24.6
38.8
5.4
29.9
23.4
30.6
4.4
14.9
1.2
18.1
28.9
35.6

12.4
1.9
8.2
8.2
14.8
7.5
23.7
15.4
35.1
8.8
11.5
41.0
2.2
0.0
0.3
1.8
0.1
0.0
0.0
0.8
8.9
51.9
26.5
29.1

5.7
4.9
8.7
8.7
10.8
4.5
40.5
27.6
59.7
16.7
34.8
38.5
36.0
41.5
19.2
13.0
20.9
28.7
7.6
9.5
1.1
42.6
21.2
26.6

1.9/2.7/3.9
3.1/6.0/8.4
3.0/4.0/6.5
3.0/4.6/6.1
4.3/4.9/6.1
3.0/3.8/6.0
4.0/5.2/6.1
3.1/4.4/5.8
1.6/2.5/4.0
1.8/2.9/4.1
2.0/3.4/4.5
3.1/4.1/4.7
2.9/4.7/5.9
1.0/1.8/3.4
2.1/2.9/4.1
1.5/2.3/3.1
0.8/1.1/2.1
1.9/2.5/3.2
1.0/1.4/2.0
2.3/3.1/4.1
2.2/3.8/4.4
3.5/5.2/7.0
1.7/2.9/4.1
2.6/3.6/4.2

30
15
22
20
20
22
33
25
55
22
28
56
33
29
11
25
22
34
18
15
8
32
30
25

Average:

19.1

21.9

19.7

12.9

22.0

ALL≥1Mt:
2.0/3.2/4.8
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Fig. 15. Spatial distribution of strong localized anthropogenic methane sources according to the EDGAR data base (year 2005, gridded
0.1◦ ×0.1◦ ). Shown are the locations of methane sources, which emit more than 10 ktCH4 /yr (red boxes) and more than 20 ktCH4 /yr (blue
boxes). (Source: EC-JRC/PBL, EDGAR version 4.0, http://edgar.jrc.ec.europa.eu/, 2009).

April 2010 (see http://www.informationisbeautiful.net/2010/
planes-or-volcano/).
In NRC (2010) the potential of OCO to detect and monitor the CO2 emissions of more extended CO2 sources such as
large cities is discussed. Because of the better spatial coverage of CarbonSat due to its wider swath one can expect that
the monitoring capability of CarbonSat is even better compared to OCO for these type of less localized targets.
CarbonSat also measures the second most important anthropogenic greenhouse gas, methane. Assuming that the
methane point sources are well isolated in the sense that
no strong CO2 point sources such as coal-fired PPs are located in their surroundings, the “CO2 -proxy method” can be
used to retrieve accurate XCH4 (Frankenberg et al., 2005,
2008; Schneising et al., 2009). In this case XCH4 is computed from the ratio of the retrieved CH4 column and the
simultaneously retrieved CO2 column. The relative XCH4
retrieval precision is therefore equal to the relative (i.e., percentage) XCO2 retrieval precision obtained with the “CH4
proxy method”. As can be seen from Table 3, this precision
is typically 0.5% or better, which corresponds to 8 ppb for
XCH4 . OSSE for methane emission inversion similar as the
ones presented here for CO2 have also been conducted for
CH4 . As for CO2 , the corresponding XCH4 or CH4 column
enhancement relative to the background due to the localized
CH4 source must be on the order of 1% in order to be clearly
detectable by single CarbonSat overpasses. The OSSE show
that the statistical uncertainty of the inferred CH4 emission
for a retrieval precision of 8 ppb (0.5%) is 1.4 ktCH4 /yr per
1 m/s wind speed, i.e., in the range 3–8 ktCH4 /yr for typical
wind speeds in the range 2–6 m/s.
www.atmos-meas-tech.net/3/781/2010/

CarbonSat has therefore the potential to detect and quantify the CH4 emission of various natural and anthropogenic
methane “hot spot” emission sources, for example:
– landfills and coal mines (e.g., the European Pollutant Release and Transfer Register (http://prtr.ec.europa.
eu/PollutantReleases.aspx) lists many sites in Europe
where methane emissions are estimated to be significantly larger than 10 ktCH4 /yr),
– pipeline compressor stations (e.g., Dedikov et al. (1999)
report emissions on the order of 10 ktCH4 /yr),
– oil sand areas (e.g., Siddique et al. (2008) estimate
that the highly variable methane emissions in the oil
sand areas of Alberta, Canada, may significantly exceed
10 ktCH4 /yr),
– oil and gas fields (e.g., Yamal West Siberian Gas Fields
(for example Jagovkina et al. (2000) report methane column enhancements of 1–2% over several kilometer),
Prudhoe Bay Oil Field, Alaska, USA, or Gulf of Mexico (for example Villasenor et al. (2003) report methane
emissions up to 14 ktCH4 /yr per platform)),
– marine seeps (e.g., Coal Oil Point, Santa Barbara,
California, USA (Leifer et al. (2006a,b) report emissions larger than 1 m3 CH4 /s in a region of several
square kilometers corresponding to about 20 ktCH4 /yr)
or Black Sea seeps off the coast of Georgia (e.g., Judd
(2004) report emissions of more than 400 kgCH4 /s/m3
over an area of about 105 m2 corresponding to about
40 ktCH4 /yr)),
Atmos. Meas. Tech., 3, 781–811, 2010
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– degassing marine shelf areas (e.g., Shakhova et al.
(2010) report boundary layer methane enhancements in
the Eastern Siberian Arctic Shelf of up to 8 ppm over a
distance of more than 100 km),
– mud volcano eruptions (e.g., Kourtidis et al. (2006)
show that corresponding emissions may result in
methane column enhancements relative to the background which may even be detectable with SCIAMACHY despite much larger ground pixel size
(30×60 km2 ) compared to CarbonSat (2×2 km2 )).
Figure 15 shows the spatial distribution of strong localized
anthropogenic methane sources according to the EDGAR
database. Shown are all methane sources (at 0.1◦ ×0.1◦ resolution) which emit more than 10 and more than 20 ktCH4 /yr,
i.e., significantly more than the CarbonSat detection limit.
Therefore CarbonSat has the potential to be an important
tool for the detection and monitoring of many “hot spot”
greenhouse gas emission sources in addition to coal-fired
power plants.
8

Conclusions

A satellite remote sensing technology has been discussed,
which enables the detection and monitoring of CO2 emissions from strong localized CO2 sources such as coal-fired
power plants.
The instrument concept is based on an imaging spectrometer system which measures high resolution spectra of
reflected solar radiation in the SWIR/NIR spectral region
in nadir (and sun-glint) mode covering relevant absorption
bands of CO2 , CH4 and O2 (to obtain surface pressure, po ) at
high spatial resolution. The instrument concept is similar to
the concept developed for OCO and GOSAT but has been optimized especially to serve important additional applications
such as monitoring of localized CO2 and CH4 sources. This
is achieved by a unique combination of wide swath imaging
(500 km swath) and small ground pixel size (2×2 km2 ).
Observing System Simulation Experiments (OSSE) have
been conducted to estimate random and systematic errors of
the inferred power plant emissions. The OSSE comprise radiative transfer and instrument simulation and inversion of
the synthetic measurements (radiance spectra) to obtain vertical columns of CO2 and CH4 as well as surface pressure.
From these retrieved quantities dry air column-averaged mixing ratios of CO2 , denoted XCO2 , have been obtained using
two different methods (“po -proxy method” and “CH4 -proxy
method”). The retrieved XCO2 and its error has been used
to obtain power plant emissions including error estimates via
inverse modeling. A Gaussian plume model has been used
to simulate the CO2 column enhancement resulting from the
power plant CO2 emission.
It has been shown that power plant CO2 emissions can be
unequivocally detected and quantified. The estimated staAtmos. Meas. Tech., 3, 781–811, 2010
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tistical uncertainty of the inferred power plant CO2 emission due to instrument (detector) noise is 0.8 MtCO2 /yr (1sigma) per 1 m/s wind speed for a single power plant overpass, i.e., in the range 1.6–4.8 MtCO2 /yr for typical nearsurface fair weather wind speeds in the range 2–6 m/s. This
corresponds to 12–36% of the emission of mid-size power
plants (13 MtCO2 /yr) or to 6–18% of the emission of large
power plants (26 MtCO2 /yr). Using clear sky statistics it has
been conservatively estimated that typically 20 sufficiently
cloud free overpasses over a given power plant per year can
be expected.
The sensitivity to several parameters has been determined
which are expected to result in systematic errors such as unaccounted aerosols and optically thick water clouds originating from the power plant emission and transport related
errors due to imperfect knowledge of wind speed, wind direction and horizontal mixing. The most relevant transport
related error source is wind speed. For the Gaussian plume
model the relative systematic error of the inferred emission is
equal to the relative error of the wind speed, i.e., a 10% overestimation of the wind speed results in a 10% overestimation
of the inferred emission. Optically thick water clouds in the
vicinity of the power plant arising from the PP emission can
be dealt with by excluding measurements within a certain
radius around the power plant from the analysis. An important error source is unaccounted or not properly accounted
scattering due to aerosols (particulate matter) emitted by the
power plant in addition to CO2 . It has been found that neglecting aerosols in the PP emission plume results in systematic errors in the range 0.2–2.5 MtCO2 /yr, depending on PP
aerosol emission, for a PP emitting 13 MtCO2 /yr.
The investigated satellite, called Carbon Monitoring Satellite (CarbonSat), is not limited to this application but can also
contribute to the detection and quantification of a number of
other important localized CO2 emission sources such as volcanoes and steel factories as well as a large number of natural
and anthropogenic localized CH4 emission sources such as
land fills, oil and gas fields, pipeline leaks, coal mines, mud
volcanoes and marine seeps. The estimated precision of the
inferred CH4 emission is 1.4 ktCH4 /yr (1-sigma) per 1 m/s
wind speed for a single overpass for an XCH4 retrieval precision of 8 ppb (0.5%), which can be achieved in most cases
(for measurements over land; measurements over water using CarbonSat’s sun-glint mode have not been discussed in
this manuscript).
In addition to greenhouse gas emission hot spot detection and monitoring, the CarbonSat satellite mission aims at
fulfilling all relevant requirements for global regional-scale
CO2 and CH4 surface flux inverse modeling, i.e., it fulfills
similar requirements as have been identified for the dedicated
greenhouse gas missions OCO and GOSAT.
The discussed satellite concept has the potential to become
an important component of a future global CO2 and CH4
emission monitoring system, which is needed for example
www.atmos-meas-tech.net/3/781/2010/
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for independent verification of reported emissions in the context of, for example, Kyoto protocol follow-on agreements.
CarbonSat could continue the time series of global greenhouse gas (CO2 , CH4 ) observations from space which started
with the launch of ENVISAT with the SCIAMACHY instrument on board in 2002. This time series is currently being
continued by the Japanese GOSAT satellite (launched in January 2009) and possibly will be extened for CO2 with OCO-2
(2013–2015). There is however high risk for an observational
gap in the time period 2016 to 2020 or later. This gap can be
closed with a satellite mission similar to the one investigated
in this study.
The presented concept is based on a single satellite but the
spatio-temporal coverage can of course be significantly improved if the space based greenhouse gas monitoring system
would consist of a constellation of greenhouse gas observing
satellites. This is important especially if emissions of time
dependent emission sources need to be quantified with high
precision. In this context it may be possible to also use satellite instruments less complex (and therefore less expensive)
than the one discussed here. These “compact satellites” may
only cover one band, the SWIR-1 band, which covers absorption lines of CO2 and CH4 around 1.6 µm. Such “compact satellites” are expected to deliver very useful information on localized CO2 and CH4 sources (using the “CH4 proxy method” or the “CO2 -proxy method”, depending on
emission target) and can also be expected to provide very
useful data for global regional-scale CH4 surface flux inversions as demonstrated by SCIAMACHY (Frankenberg et
al., 2005, 2008; Bergamaschi et al., 2009; Schneising et al.,
2009). “Compact satellites” will however probably not be
able to provide a sufficient data quality as needed for the
global regional-scale CO2 surface flux inversion application.

Appendix A
Gaussian plume model
In order to simulate the CO2 vertical column enhancement
at and downwind of a CO2 source such as a CO2 emitting power plant, a quasi-stationary Gaussian plume model
is used (Sutton, 1932). Integrated for the total vertical column V it equals:
V (x,y) = √

F
2π σy (x)u

e

− 12



2
y
σy (x)

,

(A1)

where V is the CO2 vertical column (in g/m2 ) at and downwind of the point source. The x-direction is parallel to the
wind direction and the y-direction perpendicular to the wind
direction. V depends on the emission rate F (in g/s), the
across wind distance y, wind speed u, and the standard deviation in y direction, σy . The standard deviation σy =σy (x) is
a function of the along wind distance x and depends on the
www.atmos-meas-tech.net/3/781/2010/
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atmospheric stability parameter a (Masters, 1998, and references therein):
σy (x) = a · x 0.894 .

(A2)

Here x must be specified in kilometers to give σy in meters.
For stability class C (slightly unstable) Masters (1998) gives:
a = 104.

(A3)

To simulate an emission source with a cross section y0 at the
plume’s origin an offset x0 is added to Eq. (A2):
σy (x) = a (x + x0 )0.894 ,
where:
y  1
0 0.894
x0 =
.
a

(A4)

(A5)

Appendix B
Atmospheric CO2 retrieval algorithm
Here we provide a description of the retrieval algorithm
which has been used for this study. This retrieval algorithm is the “Bremen optimal EStimation DOAS” (BESD)
algorithm. BESD is based on Optimal Estimation (OE)
(Rodgers, 2000) and on “Differential Optical Absorption
Spectroscopy” (DOAS) (see, e.g., Buchwitz et al., 2000b,
and references given therein). OE allows to constrain the retrieval using uncertain a-priori information, e.g., on aerosols
and (thin) clouds. DOAS permits to filter out disturbing
low frequency radiance contributions which are typically difficult to model such as contributions from aerosol scattering, changes of the Earth’s surface spectral reflectance and
changes of instrument calibration functions. BESD is under development for improved SCIAMACHY CO2 retrieval
(Buchwitz et al., 2009; Reuter et al., 2010).
The satellite instrument measures radiance spectra
Ri ≡R(λi ) in nadir mode at discrete wavelengths λi as well
as the solar irradiance, Fi ≡F (λi ). For the following we assume that the wavelength grids of the nadir and the solar
spectra are either identical or that the solar spectrum has been
interpolated onto the wavelength grid of the nadir measurements. The directly measured quantities Ri and Fi are used
to compute the measured sun-normalized radiance or intensity Ii which is defined as Ii ≡π Ri /Fi . In the following the
measurement vector y is used whose elements are yi ≡ln(Ii ).
The corresponding model quantity y mod is obtained with the
radiative transfer model (RTM) SCIATRAN (Buchwitz et al.,
2000a; Rozanov et al., 2002). The version of BESD used for
this study is based on linearizing the logarithm of the sunnormalized radiance around an assumed (atmospheric) state
denoted by the a priori state vector x a , i.e., the following
equation is used for y mod as a function of state vector x:
y mod (x) = y a + K(x − x a ).

(B1)
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Fig. B1. Visualization of a typical retrieval Jacobian (K) matrix. Each spectrum shows the (scaled and shifted) derivative of the logarithm of
the sun-normalized radiance due to a change of the corresponding state vector element. The state vector element identifiers are shown on the
right hand side. For an explanation of the state vector elements see main text and Table B1.

Here y a ≡y mod (x a ), i.e., y a is the logarithm of the sunnormalized radiance for state vector x a . Matrix K is the Jacobian matrix with elements Kij =fj ∂yimod /∂xj |x=x a . For
numerical reasons (most of) the elements of the Jacobian matrix are defined to be dimensionless. They express the relative change of the intensity due to a relative change of state
vector element j (unit: %/%). For these cases fj =xj and
Kij can be interpreted as the relative change of the intensity
at wavelength λi due to a relative change of state vector element j . This is true for all state vector elements except for
the elements which correspond to the coefficients of the low
order polynomials. The low order polynomial is included
to make the retrieval less sensitive to spectrally broadband
radiance (and/or measured signal) contributions which typically cannot be modelled with high accuracy. For the polynomial coefficient xj the corresponding elements of the Jacobian matrix are: Kij =((λi −λc )/λc )np , where λc is the center
wavelength of the spectral fitting window for which the polynomial is valid. np is an integer in the range 0,..., Np , where
Np is the order of the polynomial (here we use a quadratic
polynomial, i.e., Np =2).
Atmos. Meas. Tech., 3, 781–811, 2010

The columns of the Jacobian matrix K for a typical RT
simulation are shown in Fig. B1. Each column of K corresponds to one state vector element. The state vector elements and their assumed a-priori uncertainties are listed in
Table B1. For the retrieval, a 3-layer atmosphere is used
(the RT simulations are however performed on a finer vertical grid). The three layers are denoted “Lower Troposphere”
(LT), “Upper Troposphere” (UT), and “Stratosphere” (ST).
As can be seen from Table B1, 21 state vector elements have
been defined. For CO2 and CH4 their sub-columns (layer
columns) in the three atmospheric layers are state vector elements. For each of the three layers a dimensionless scattering parameter has been defined, the layers aerosol and
cloud scattering (ACS) optical depth. Additional parameters are scaling factors for the temperature (TEM) and water vapour (H2 O) vertical profiles, a scaling parameter for
the pressure profile (“surface pressure” parameter PSU) and
nine parameters for the three second order polynomials in the
three spectral bands (parameters POL). The Optimal Estimation method requires a-priori uncertainties to be assigned to
each parameter and the corresponding values, which are to be
www.atmos-meas-tech.net/3/781/2010/
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interpreted as 1-sigma relative uncertainties, are also listed
in Table B1. The two variance/covariance matrices Sxa and
Sy are assumed to be diagonal matrices, i.e., they are fully
specified by the uncertainties (standard deviations) listed in
Table B1.
BESD is based on minimizing the following cost function
C(x):
mod
(x − x a ) + (y − y mod (x))T S−1
(x)). (B2)
C(x) = (x − x a )T Sx−1
y (y − y
a

Here x is the to be estimated (atmospheric) state vector
at the time of the measurement, x a is the assumed a-priori
state vector (ideally the climatological mean) with a-priori
variance/covariance matrix Sxa , y is the measurement vector with variance/covariance matrix Sy , and y mod (x) is the
forward model which relates the desired but unknown state
vector with the directly measured quantity. Here ()T denotes
matrix transpose and ()−1 denotes matrix inverse.
The solution of this estimation problem is an estimate
of the state vector, denoted x̂, and its variance/covariance
matrix Ŝx . How this solution can be obtained is shortly
described in the following (for details see (Rodgers, 2000;
Rodgers and Connor, 2003) and references given therein).
It can be shown that the state vector covariance matrix for
the absolute state vector elements, Ŝax , can be obtained from
the state vector covariance matrix for the relative state vector
elements, Ŝx , as follows:
 

 
Ŝax = x̄ia x̄ja Ŝx .
(B3)
ij

ij

Analoge relations exist for the smoothing error covariance
matrix
 

 
ŜaS = x̄ia x̄ja ŜS
(B4)
ij

ij

and the measurement noise covariance matrix
 

 
Ŝayx = x̄ia x̄ja Ŝyx .
ij

ij

(B5)

Assuming Gaussian statistics and a linear forward model,
which relates the state vector x to the measured quantity y
via y=y mod (x)+, where  is the measurement error, the
solution of this estimation problem, x̂, can be formulated in
terms of the retrieval gain matrix G:
x̂ = x a + G(y − y a ).

(B6)

Gain matrix G is defined as
G=

d x̂
= Ŝx KT S−1
y .
dy
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Table B1. BESD retrieval algorithm state vector elements and apriori uncertainties. PSU is the surface pressure state vector element with corresponding 1-sigma uncertainty of 3%. The nine POL
parameters are the coefficients of the quadratic polynomials in the
three spectral bands. ACS are the three state vector elements for
aerosol and cloud scattering in the three atmospheric layers stratosphere (ST), upper troposphere (UT) and lower troposphere (LT).
In the three bottom rows the CO2 state vector elements are listed,
which are layer columns. The assumed 1-sigma uncertainty of the
CO2 lower troposheric layer column (ID CO2 00) is 6%. Stronger
constraints are used for CO2 in the upper layers. For CH4 the constraints are relaxed as methane is assumed to be more variable than
CO2 . For H2 O and temperature single vertical profile scaling factors have been defined as state vector elements.
Number

ID

20

PSU 00

19
18
17

POLa02
POLa01
POLa00

16
15
14

POLb02
POLb01
POLb00

13
12
11
10
9
8
7
6
5
4
3
2
1
0

POLc02
POLc01
POLc00
ACS 02
ACS 01
ACS 00
H2O 00
TEM 00
CH4 02
CH4 01
CH4 00
CO2 02
CO2 01
CO2 00

(B7)

(B8)

Explanation

Uncertainty
(relative) (−)

Surface pressure
Polynom NIR
Quadratic term
Linear term
Constant term
Polynom SWIR-1
Quadratic term
Linear term
Constant term
Polynom SWIR-2
Quadratic term
Linear term
Constant term
Aero./clouds scat. ST
Aero./clouds scat. UT
Aero./clouds scat. LT
H2 O(z) scaling
T (z) scaling
CH4 ST
CH4 UT
CH4 LT
CO2 ST
CO2 UT
CO2 LT

0.030
1000.0
1000.0
1000.0
1000.0
1000.0
1000.0
1000.0
1000.0
1000.0
0.050
5.000
1.000
2.000
0.100
0.010
0.060
0.120
0.005
0.030
0.060

An important matrix for the characterization of the retrieval is the averaging kernel matrix A, which can be formulated in terms of G and Jacobian matrix K:
A=

Here Ŝx is the uncertainty covariance matrix of x̂ and is given
by
−1 −1
Ŝx = (KT S−1
y K + Sxa ) .
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d x̂ d x̂ dy
=
= GK,
dx dy dx

(B9)

where x is the true state vector (which is only exactly known
for simulations).
The sum of the diagonal elements of A is the so-called degree of freedom for signal ds=trace(A), which can be interpreted as the number of “independent pieces of information”
which can be retrieved.
Atmos. Meas. Tech., 3, 781–811, 2010
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Fig. B2. Retrieval results for the VEG 50 scenario. Top: Sun-normalized radiance in the three CarbonSat spectral bands. Middle: fit
residuum (black line), i.e., relative difference between the simulated measurement and the fitted RT model. Also shown is the measurement
noise (light red) and the difference between the measurement and the simulated measurement before the fit (grey line). Bottom: Vertical
profiles of (from left to right) CO2 and its uncertainty, CH4 and its uncertainty, CO2 and CH4 vertical column averaging kernels (AK), and
the scattering layer vertical optical depth (the numerical values are the total scattering optical depth at 760 nm) and its uncertainty. The black
horizontal bars denote the assumed a-priori uncertainties (1-sigma) in the three layers.

Defining matrix R=A−1, where 1 is a unit matrix, allows
to compute another matrix, which is important for characterizing the retrieval, namely the smoothing error covariance
matrix
Ŝs = RSxa RT ,

(B10)

which quantifies errors caused by limited (final) vertical resolution of the instrument. The measurement noise contribution to the overall uncertainty is given by the measurement
noise covariance matrix

Atmos. Meas. Tech., 3, 781–811, 2010

Ŝyx = GSy GT .

(B11)

Of interest for this study are the absolute values of the state
vector elements and the absolute values of functions of the
state vector elements, in particular the total column of CO2
and its statistical error. As the state vector x has been defined
using normalized dimensionless relative quantities, transformations from relative quantities to absolute quantities have
to be carried out. The absolute value of state vector element
j , x̂ja , is related to its relative value, x̂j , by the following relation (here the alternative notation x̄ is used for the a-priori
www.atmos-meas-tech.net/3/781/2010/
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state vector, i.e., for x̄a , to avoid confusion with the the same
letter a used for “a-priori” and “absolute”):

factor), p̂◦ (in hPa). The retrieved XCO2 , denoted X̂CO2 (in
ppm), is obtained as follows:

x̂ja = x̄ja (1 + x̂j ).

X̂CO2 =

(B12)

This equation defines the tranformation of the “relative state
vector” x̂ to the corresponding “absolute state vector” x̂ a .
It can also be shown that the averaging kernel matrix for
the absolute state vector elements can be obtained from the
averaging kernel matrix for the relative state vector elements
as follows:
Aa


ij

= (A)ij

x̄ia
.
x̄ja

(B13)

The vertical column of, for example, CO2 , can
be computed from the absolute state vector elements
(i.e., layer columns), given above, and the total column operator g, which can be defined as follows:
g T =[0,0,0,...,1,1,1,...,0,0,0], where gi =1 corresponds to
state vector elements over which need to be summed to compute the total column (for CO2 the indices of the state vector
are i=0,1, and 2, as can be seen from Table B1). All other
elements of g, over which should not be summed, need to be
set to 0. This formulation of g requires that the corresponding CO2 state vector elements are absolute sub-columns in,
e.g., molecules/cm2 , as otherwise their sum will not yield the
total vertical column.
Using these definitions, several important quantitities,
which are needed to characterize the retrieval, can be computed:
The a-priori vertical column of a gas of interest, e.g., CO2 ,
in absolute units (e.g., molecules/cm2 ) is given by
v̄ = g T x̄ a .

(B14)

The corresponding retrieved vertical column in absolute units
is by
v̂ = v̄ + g T (x̂ a − x̄ a ).

(B15)

The corresponding vertical column total statistical error is
σv2 = g T Ŝax g.

(B16)

The vertical column averaging kernel (a vector) is given by
a Tv = g T Aa .

(B17)

The vertical column smoothing error is
2
σvs
= g T ŜaS g

(B18)

and the vertical column measurement noise error is
2
σvyx
= g T Ŝayx g.

(B19)

Finally, the dry air column-averaged mixing ratio of CO2 ,
denoted XCO2 , is computed from the retrieved CO2 column
(in molecules/cm2 ), denoted v̂CO2 , and the retrieved surface
pressure (obtained from the retrieved pressure profile scaling
www.atmos-meas-tech.net/3/781/2010/

v̂CO2
.
C p̂◦ /1013.0

(B20)

C is a constant and given by C=10−6 ×2.15×1025 . Factor 10−6 accounts for the conversion to ppm and 2.15×1025
is the assumed number of gaseous air molecules of dry
air above a surface of area 1 cm2 for a surface pressure of
1013 hPa.
The statistical uncertainty of the retrieved XCO2 (in relr
, is computed from the relative
ative units), denoted σXCO
2
statistical uncertainties of the retrieved CO2 column and surface pressure:
q
r
=
σXCO
(σCO2 /v̂CO2 )2 + (σp◦ /p̂◦ )2 .
(B21)
2
The statistical uncertainty of XCO2 in absolute units (ppm)
is given by (1-sigma):
r
σXCO2 = σXCO
× X̂CO2 .
2

(B22)

The XCO2 and its error computed using the formulas
given above is referred to as “po -proxy method” in this
manuscript.
The second method used is in this manuscript to obtain
XCO2 is the “CH4 -proxy method”. For this method the corresponding formulas are:
X̂CO2 (CH4 )=

v̂CO2
v̂CH4 /XCH4 apri

,

(B23)

where v̂CH4 is the retrieved vertical column of methane and
XCH4 apri is the assumed a-priori dry air column-averaged
mixing ratio of methane (obtained from, e.g., the model atmosphere used for the radiative transfer simulation). The
corresponding statistical (relative) uncertainty is given by:
q
r
σXCO
(CH
)=
(σCO2 /v̂CO2 )2 + (σCH4 /v̂CH4 )2 .
(B24)
4
2
Using analog formulas the corresponding result for
methane, i.e., X̂CH4 ±σXCH4 , can be obtained.
To illustrate this, BESD retrieval results for one scenario,
the VEG 50 scenario, (surface albedo: vegetation, SZA:
50◦ ) are shown in Fig. B2. As can be seen, a significant
uncertainty reduction relative to the assumed a-priori uncertainty has been achieved for the tropospheric layers, especially for the lowest tropospheric layer (the stratospheric
layer is well constrained). The true CO2 vertical column is
8.464×1021 molecules/cm2 , which is 1.1% higher than the apriori column, which is 8.370×1021 molecules/cm2 . The retrieved CO2 vertical column is 8.487×1021 molecules/cm2 ,
which is close to the true column. The difference is 0.27%,
i.e., not zero, e.g., because of the smoothing error, which is
0.17% (1-sigma). The a-priori CO2 column uncertainty is
3.63% and is reduced to 0.29% after the retrieval. The assumed a-priori surface pressure uncertainty is 3.0% and is
Atmos. Meas. Tech., 3, 781–811, 2010
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reduced to 0.06% after the fit. The a-posteriori XCO2 uncertainty is 1.2 ppm. The degree of freedom for signal (ds) is
1.21 for the CO2 column and 1.24 for the CH4 column, which
indicates that essentially only vertical column information on
CO2 and CH4 is available. The CO2 column averaging kernel is approximately unity for the lowest layer indicating that
the observing system is sensitive to CO2 changes in the lowest atmospheric layer, which is also true for CH4 . The two
panels at the bottom right, which show the results for the
scattering profile, indicate significant uncertainty reduction
with respect to the (aerosol and cloud) scattering parameters.
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