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[1] We present an inverse-modeling analysis of CO emissions using column CO retrievals
from the Measurement of Pollution in the Troposphere (MOPITT) instrument and a global
chemical transport model (GEOS-CHEM). We first focus on the information content of
MOPITT CO column retrievals in terms of constraining CO emissions associated with
biomass burning and fossil fuel/biofuel use. Our analysis shows that seasonal variation of
biomass-burning CO emissions in Africa, South America, and Southeast Asia can be
characterized using monthly mean MOPITT CO columns. For the fossil fuel/biofuel
source category the derived monthly mean emission estimates are noisy even when the
error statistics are accurately known, precluding a characterization of seasonal variations
of regional CO emissions for this source category. The derived estimate of CO emissions
from biomass burning in southern Africa during the June–July 2000 period is significantly
higher than the prior estimate (prior, 34 Tg; posterior, 13 Tg). We also estimate that
emissions are higher relative to the prior estimate in northern Africa during December
2000 to January 2001 and lower relative to the prior estimate in Central America and
Oceania/Indonesia during April–May and September–October 2000, respectively. While
these adjustments provide better agreement of the model with MOPITT CO column fields
and with independent measurements of surface CO from National Oceanic and
Atmospheric Administration Climate Monitoring and Diagnostics Laboratory at
background sites in the Northern Hemisphere, some systematic differences between
modeled and measured CO fields persist, including model overestimation of background
surface CO in the Southern Hemisphere. Characterizing and accounting for underlying
biases in the measurement model system are needed to improve the robustness of the top-
down estimates.
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1. Introduction

[2] In recent years, there has been an increasing emphasis
on the use of statistical inverse-modeling analysis tech-
niques to characterize the temporal and spatial variability
of atmospheric trace gas sources and sinks. Most of the
atmospheric tracer inverse-modeling applications have fo-

cused on quantifying atmospheric CO2 sources and sinks
[e.g., Fan et al., 1998; Bousquet et al., 1999; Kaminski et
al., 1999; Law and Rayner, 1999; Bousquet et al., 2000;
Peylin et al., 2002; Gurney et al., 2002, 2003, 2004;
Rödenbeck et al., 2003; Suntharalingam et al., 2003],
spurred by the availability of multiyear CO2 measurements
from a global network of surface sites. More recently,
formal inverse model techniques have also been applied
to characterize the tropospheric budgets of reactive gases
such as carbon monoxide [e.g., Bergamaschi et al., 2000;
Kasibhatla et al., 2002; Pétron et al., 2002; Müller and
Stavrakou, 2005] and methane [e.g., Hein et al., 1997;
Houweling et al., 1999; Butler et al., 2004; Mikaloff
Fletcher et al., 2004a, 2004b]. These studies have yielded
valuable insights into the uncertainties associated with our
understanding of anthropogenic impacts on the atmospheric
budgets of these reactive trace gases. In addition, analysis of
spatiotemporal variations in atmospheric concentrations of
gases such as CO can yield insights into the factors that
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control the variability of atmospheric CO2 and CH4 [e.g.,
Langenfelds et al., 2002; van der Werf et al., 2004;
Suntharalingam et al., 2004].
[3] In this study, we explore the extent to which CO

measurements from the MOPITT instrument on NASA’s
Terra satellite can be used in an inverse-modeling frame-
work to constrain the anthropogenic CO budget. Our study
builds on several recent inverse-modeling studies focused
on quantifying CO sources. Several of these studies have
made use of CO measurements from a globally distributed
network of surface monitoring sites [e.g., Bergamaschi et
al., 2000; Kasibhatla et al., 2002; Pétron et al., 2002] to
quantify the global CO budget. Other inverse-modeling
studies have focused on a more detailed regional analysis
of CO sources using airborne CO measurements [e.g.,
Palmer et al., 2003; Heald et al., 2004; Wang et al.,
2004]. More recently, several inverse-modeling studies
using newly available remote sensing CO measurements
have been published. In the first application of its kind,
Arellano et al. [2004] used CO retrievals from the MOPITT
instrument [Deeter et al., 2003] on NASA’s EOS Terra
satellite in a time-independent Bayesian synthesis inversion
to derive geographically disaggregated, annual mean esti-
mates of CO emissions on a global scale from fossil fuel/
biofuel use and biomass burning. Pétron et al. [2004]
performed a similar analysis, but estimated emissions at a
monthly rather than annual timescale. The MOPITT CO
measurements have also been used in other studies focused
on elucidating the CO budget for specific regions [Allen et
al., 2004; Heald et al., 2004; Pfister et al., 2004; Liu et al.,
2005], assessing the effect of burning on atmospheric
chemical composition [Edwards et al., 2003; Bremer et
al., 2004; Edwards et al., 2004], and characterizing pollu-
tion transport events [Heald et al., 2003; Lamarque et al.,
2003; Gros et al., 2004; Kar et al., 2004; Choi et al., 2005;
Li et al., 2005].
[4] In the inverse-modeling study presented here, we

extend our previous time-independent analysis [Arellano
et al., 2004] to estimate the seasonal variation of anthropo-
genic CO emission, with a particular focus on emissions
from biomass burning. In this respect, our study is most
closely related to the inverse-modeling study by Pétron et
al. [2004]. There are, however, some significant differences
between our study and the Pétron et al. [2004] study. Most
importantly, we explore the information content of the
MOPITT measurements using a pseudo data analysis ap-
proach and provide insights into the extent to which
temporal CO source variations can be deduced. In addition,
we perform a detailed comparison of independent surface
CO measurements from a global monitoring network to
evaluate the robustness of the inverse source estimates.

2. Bayesian Synthesis Inversion

[5] The source estimation procedure is based on the
statistical linear model

y ¼ Kxþ EE; ð1Þ

where the measured CO concentration vector y can be
expressed as a linear combination of modeled CO
concentrations from individual source categories (Kx) plus

an error vector Ee associated with both the modeled and
observed concentrations. The elements of the source vector
x (referred to as basis functions) represent the individual
source categories to be estimated. The Jacobian matrix K,
which maps the sources to the concentrations, is a matrix of
response functions calculated using an atmospheric chemi-
cal transport model (CTM). The error vector E (referred to
as the observation error vector) represents the effects of
measurement as well as CTM errors. The inverse problem is
to find a vector of source strengths x̂ that produces the best
match of the modeled CO concentrations Kx̂ with the
measurements, taking into account measurement and CTM
errors in a statistical sense and subject to certain a priori
constraints on x. Under the specific assumptions that errors
and prior knowledge of x can be described in terms of the
multivariate normal distributions EEe � MVN(0, Se) and
xprior�MVN(xa,Sa), respectively, themaximum a posteriori
(MAP) estimate of x is given by [e.g., Rodgers, 2000]

x̂ ¼ xa þG y�Kxað Þ; ð2Þ

with

G ¼ ðKTS�1
e K þ Sa

�1Þ�1
KTS�1

e ; ð3Þ

where xa is the a priori source estimate vector, Sa is the
corresponding prior error covariance matrix, and Se is the
observation error covariance matrix. The a posteriori error
covariance matrix Ŝ corresponding to the MAP estimate x̂ is
given by

Ŝ ¼ ðKTS�1
e K þ Sa

�1Þ�1: ð4Þ

2.1. Prior Sources

[6] We consider three CO source sectors in the inverse
analysis study. These are fossil fuel/biofuel combustion
(FFBF), biomass burning (BIOM) and chemical oxidation
of biogenic nonmethane hydrocarbon (NMHC) emissions
(BIOG). CO from methane oxidation is presubtracted in the
inversion since this source contributes a relatively uniform
background CO mixing ratio field in the troposphere. The a
priori annual-averaged FFBF source is specified as in our
previous studies [Kasibhatla et al., 2002; Arellano et al.,
2004] and is based on the EDGARv2/GEIA inventory
[Olivier et al., 1996]. This source, which is representative
of the 1990s, includes CO emissions from industrial pro-
cesses, power generation, fuel extraction, residential and
transport sectors. As in our previous studies, we include in
the source category CO chemical production from the
oxidation of NMHCs emitted because of fossil fuel/biofuel
use.
[7] The biomass-burning CO source is specified as given

by Arellano et al. [2004] using the global fire emission
product from van der Werf et al. [2003]. The monthly
varying CO emissions are derived by an integrated approach
involving satellite observations of fire activity from Tropical
Rainfall Measuring Mission–Visible and Infrared Spec-
trometer (TRMM-VIRS), European Remote Sensing Satel-
lite–Along Track Scanning Radiometer (ERS-ATSR) and
Terra MODerate resolution Imaging Spectroradiometer
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(Terra-MODIS), the Carnegie-Ames-Stanford Approach
(CASA) biogeochemical model, and biome-dependent
emission factors [Andreae and Merlet, 2001].
[8] The a priori BIOG CO is specified using the standard

tagged CO scheme in GEOS-CHEM CTM [Heald et al.,
2004] and accounts for CO derived from isoprene, mono-
terpene, methanol and acetone oxidation. The baseline
isoprene emission distribution by land type is taken from
Guenther et al. [1995], with light and temperature depen-
dencies from Wang et al. [1998] and Guenther et al. [1995],
respectively. CO produced from isoprene oxidation is cal-
culated using NOx-dependent yields (0.16[NOx ppm] + 0.12
on a per carbon basis, with a minimum threshold at [NOx] <
0.5 ppm equal to 0.16 and maximum threshold at [NOx] >
1.8 ppm equal to 0.42). Production of CO from oxidation
of monoterpenes is calculated using monoterpene emis-
sions from Guenther et al. [1995] using a CO yield of
0.2 molecule on a per carbon basis [Hatakeyama et al.,
1991]. The CO source from methanol oxidation is as-
sumed to be 100 Tg/yr, distributed according to the
baseline isoprene emissions pattern. CO from acetone is
calculated using a biogenic acetone emission inventory
archived from a 1994 GEOS-CHEM CTM simulation
[Jacob et al., 2002] and using a CO yield of 0.67 on a
per carbon basis. During the April 2000 to March 2001
time period considered here, our a priori FFBF, BIOM,
and BIOG sources total 604, 501, and 492 Tg CO,
respectively. In section 3, we describe the specific choice
of the disaggregated basis functions considered in this
study.

2.2. Forward Model

[9] The contribution of each basis function considered
(see section 3) in our analysis to the total model CO column
for each month (referred as Jacobian or response function)
is calculated using the tagged CO scheme of GEOS-CHEM
CTM v5.05-03, which is driven by NASA/GMAO assim-
ilated meteorological fields [Bey et al., 2001] (see also
http://www-as.harvard.edu/chemistry/trop/geos/). For each
source category/region/month considered, the CTM prop-
agates the CO signal resulting from the monthly source
pulse forward for an 8-month period. We limit the simula-
tion to an 8-month transport and chemical loss period for
computational expediency. This period is sufficient for CO,
given its average lifetime of about 2 months.
[10] The chemical loss of CO for each basis function is

calculated using prescribed monthly mean OH fields from
a full tropospheric chemical simulation for the year 2000
and 2001 [Fiore et al., 2003]. The prescribed OH fields
correspond to a global lifetime of methyl chloroform
against the tropospheric OH sink of about 6.4 years,
consistent with recent estimates by Prinn et al. [2001].
The chemical production of CO from methane (CH4)
oxidation, which is presubtracted in the inversion, is
calculated in GEOS-CHEM using the prescribed OH
fields and prescribed CH4 concentration fields in different
latitude bands (90�–30�S, 1706 ppbv; 30�S to equator,
1716 ppbv; equator to 30�N, 1760 ppbv; 30�–90�N, 1814
ppbv). The updated CH4 fields are based on annual mean
concentration representative of the late 1990s [Dlugokencky
et al., 2001]. The CO yield from methane oxidation is
assumed to be 0.95 as given by Kasibhatla et al. [2002].

2.3. MOPITT CO Columns

[11] TheMOPITT instrument on board the NASATERRA
EOS satellite provides tropospheric CO measurements at a
spatial resolution of about 22 km � 22 km at nadir, with
near-global coverage every 3 days. CO mixing ratios are
retrieved at seven different atmospheric levels, nominally
corresponding to the surface, 850, 700, 500, 350, 250 and
150 hPa [Deeter et al., 2003]. The Level 2 V3 MOPITT
CO retrievals from the first year of MOPITT operation
(April 2000 to April 2001) are used in this study.
Validation results [Emmons et al., 2004] suggest that
MOPITT CO mixing ratios from Phase 1 are high by
about 4 ppbv (�7%) at 700 hPa and about 2 ppbv (�3%) at
350 hPa, while theMOPITTCO columns have been shown to
have an average positive bias of about 5%. It is also worth
noting that the estimated standard deviations of the biases are
quite large. Comparisons with CO measurements during the
TRACE-P campaign also show that theMOPITTcolumn CO
retrievals have a positive bias of 6 ± 2% [Jacob et al., 2003].
In this study, the MOPITT CO retrievals are not corrected for
a positive bias. It is not presently clear as to how the biases
observed in some regions can be extrapolated globally and
incorporated as part of the inverse analysis. It should be noted,
however, that the biases in the data can possibly influence the
magnitude of the source estimates (see section 5).
[12] We employ a procedure for data processing and

quality control as in our previous study [Arellano et al.,
2004]. Briefly, our analysis is restricted to CO retrievals:
(1) containing all seven standard levels between 50�S and
50�N, (2) having <50% of a priori contribution to the
retrieval at the 350, 500, and 700 hPa levels, and (3) with
retrieved 500 hPa mixing ratio >40 ppbv. This procedure
is based on the qualitative data uncertainties described in
the MOPITT data quality statement. Since the number of
independent pieces of information in each profile retrieval
is less than 2 [Deeter et al., 2004; Heald et al., 2004],
only CO columns derived from the selected MOPITT CO
profile retrievals are used in this analysis. MOPITT CO
columns are derived by integrating over all MOPITT
vertical levels as given by Heald et al. [2004]. The observa-
tion vector y is constructed by removing the contribution of
the a priori CO profile used in the MOPITT retrieval algo-
rithm, as well as the modeled contribution of CO from
methane oxidation to the column CO. To enable a direct
comparison of themodel andmeasurements, themodeled CO
for each basis function is sampled at the horizontal, vertical,
and temporal locations corresponding to each of theMOPITT
retrievals. MOPITT-equivalent model profiles are then cal-
culated using the appropriateMOPITTaveraging kernels, and
MOPITT-equivalent model CO columns are then derived for
each basis function.
[13] The individual COcolumns are averaged over the 4��

5� horizontal CTM grid and over a daily time period. A
monthly average is then calculated for each model grid box.
For statistical purposes, monthly averages having less than
five daily data points are filtered out in the analysis. For the
April 2000 to April 2001 time period considered here, the
resulting observation vector y consists of 23,980 elements.

2.4. Error Covariances

[14] The observation error covariance matrix (Se) is con-
structed as the sum of a model plus representation error

D09303 ARELLANO ET AL.: INVERSE ESTIMATES OF CO SOURCES

3 of 17

D09303






























