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Abstract. We conduct an inverse modeling analysis of mea-improving the accuracy of top-down emission estimates will
surements of atmospheric CO from the TES and MOPITTrequire better characterization of systematic errors in the ob-
satellite instruments using the GEOS-Chem global chem-servations and the model (chemistry and transport).

ical transport model to quantify emissions of CO in the
tropics in November 2004. We also assess the consistency

of the information provided by TES and MOPITT on sur- 1 |ntroduction

face emissions of CO. We focus on the tropics in Novem-

ber 2004, during the biomass burning season, because TE&mospheric carbon monoxide (CO) is a product of incom-
observations of CO and £2and MOPITT observations of plete combustion as well as a byproduct of the oxidation of
CO reveal significantly greater abundances of these gasestmospheric hydrocarbons. It plays a critical role in deter-
than simulated by the GEOS-Chem model during that pe-mining the oxidative capacity of the atmosphere as the pri-
riod. We find that both datasets suggest substantially greatemhary sink of OH. Its abundance, therefore, influences the
emissions of CO from sub-equatorial Africa and the Indone-atmospheric lifetime of greenhouse gases, such as methane
sian/Australian region than in the climatological emissions(CHy), which are remove from the atmosphere through reac-
in the model. The a posteriori emissions from sub-equatoriation with OH. Atmospheric CO is a precursor of tropospheric
Africa based on TES and MOPITT data were 173 Tg CO/yrozone (@) and, as a combustion product, provides a useful
and 184 Tg COlyr, respectively, compared to the a priori ofproxy for combustion-related emissions of other precursors
95 Tg COlyr. In the Indonesian/Australian region, the a pos-of tropospheric @. Tropospheric @ is a harmfull pollu-
teriori emissions inferred from TES and MOPITT data were tant and a greenhouse gas. Accurate and precise estimates of
155Tg CO/yr and 185 Tg COlyr, respectively, whereas the aemissions of CO and othersQrecursors are therefore im-
priori was 69 Tg CO/yr. The differences between the a posportant in both a climate and air quality context.

teriori emission estimates obtained from the two datasets are The Tropospheric Emission Spectrometer (TES) instru-
generally less than 20%. The a posteriori emissions signifment is providing the first simultaneous, global, space-based
icantly improve the simulated distribution of CO, however, observations of CO and40 We present here an analysis of
large regional residuals remain, and are likely due to systhe utility of inverse modeling of TES observations of atmo-
tematic errors in the analysis. Reducing these residuals angpheric CO to better understand the impact of surface emis-
sions of CO and @ precursors on the distribution of tro-
pospheric CO and © We focus on November 2004 when
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than simulated by the GEOS-Chem chemical transport modeinodeling is sensitive to systematic errors in the inverse mod-
(CTM). In the study presented here we focus on the inverseels. Another objective of this study is to demonstrate that,
modeling of the CO observations. In a companion paperdespite the significantly increased spatio-temporal coverage
by Bowman et al. (2009) a detailed analysis is presentedffered by data from TES and MOPITT, the CO source
of the impact on tropical tropospherics®@f the changes estimates inferred from these datasets are sensitive to the
in emissions of CO (and the implied changes in emissiongresence of systematic errors. For examplajliét and
of other G precursors) inferred from the inversion analysis Stavrakou (2005) showed that neglecting the non-linearity
conducted here. in the atmospheric chemistry of CO is an important source
The dominant source of variability in atmospheric CO in of systematic error in an inverse modeling analyses of at-
the tropics is associated with biomass burning. Accuratelymospheric CO. Inversion studies typically prescribe abun-
quantifying emissions of CO from these sources is particu-dances of atmospheric OH to account for the chemical sink
larly challenging as they exhibit significant spatial and tem- of CO. However, if large changes in emissions of CO, such
poral variability and are sensitive to variations in the climate as those associated with enhanced biomass burning, are re-
system such as the El b Southern Oscillation (ENSO) quired in an inverse model to accommodate observations of
(Duncan et al., 2003; Van der Werf et al., 2004). For ex- CO, then there should be a concomitantincrease in the model
ample, van der Werf et al. (2006) found that the standard deef emissions of @ precursors such as nitrogen oxides ().O
viation of the variability in the bottom-up estimates for car- CHg, and non-methane hydrocarbons (NMHC), which will,
bon emissions biomass burning in Indonesia for 1997—2004n turn, perturb the atmospheric abundance of OH. We exam-
was 1.3 times as large as the mean emissions for the perioéhe here the potential feedback of perturbations in the atmo-
In late 2004 there was a weak Elfidi in the tropical Pacific, spheric abundance of OH associated with changes in biomass
which could account for some of the discrepancy between thdurning on the atmospheric abundance of CO.

model and observations. In our analysis we focus on quan- |n Sect. 2 we begin with a brief description of the CO pro-
tifying the total combustion-related source of CO from dif- fjle retrievals from the TES and MOPITT instruments. We
ferent continental regions, with the assumptions that biomasgescribe the inversion methodology in Sect. 3. A descrip-
burning is the dominant source of direct emissions of CO intjon of the GEOS-Chem model is presented in Sect. 4, fol-
the tropics and that interannual variability in biomass burn-jowed by a discussion of the inversion results in Sect. 5. In

ing contributes largely to the discrepancy between the obsersect. 6 we provide a summary of the results and a discussion
vations and the modeled CO distribution obtained with theof their implications for future inversion analyses of atmo-

climatological emission inventory. spheric CO.

In the past decade several inverse modelling studies of
CO have been conducted using surface, aircraft, and satel-
lite measurements (e.g. Bergamaschi et al., 2000a, b; Kasib- i
hatla et al., 2002; &ron et al., 2002, 2004; Palmer et al., 2 1he MOPITT and TES instruments
2003, 2006; Heald et al., 2004; Arellano et al., 2004, 2006;
Miiller and Stavrakou, 2005; Stavrakou andiMr, 2006; 2-1 MOPITT
Kopacz et al., 2009). These studies have all produced dif-
ferent “top-down” estimates of the regional sources of CO The MOPITT instrument (Drummond and Mand, 1996) was
(see discussion in Duncan et al., 2007), reflecting differenceaunched on 18 December 1999 on NASAs Terra spacecraft
in inversion frameworks, atmospheric models (e.g. Arellanoin @ sun-synchronous polar orbit at an altitude of 705 km with
and Hess, 2006), and differences in the datasets employed iah equator crossing time of 10:30a.m. local time. It is gas
the analyses. A particular challenge for the earlier inversioncorrelation radiometer that measures thermal emission in the
analyses, which employed surface or aircraft measurement#,.7+m region of the spectrum and has a spatial resolution of
was the limited spatial and temporal coverage provided by22kmx22km. The MOPITT observation strategy consists
the observations. The recent satellite measurements of a@f a 612km cross-track scan that provides high data density;
mospheric CO, on the other hand, offer significantly greaterthe instrument achieves nearly complete global coverage ev-
spatio-temporal coverage and therefore provide more reliabl€ry 3 days.
constraints on regional surface emissions of CO (Heald et Vertical profiles of CO are retrieved from the radiance
al., 2004). The Measurement Of Pollution In The Tropo- measurements using an optimal estimation approach, de-
sphere (MOPITT) instrument, launched in December 1999 scribed by Deeter et al. (2003). The retrieved mixing ratios
provided the first continuous global measurements of atmoare reported on 7 altitude levels, from the surface to 150 hPa.
spheric CO. A second objective of this study is to evaluate theThe data have been validated by inter-comparison with air-
consistency of the top-down constraints on surface emissionsraft and other in-situ measurements (Emmons et al., 2004,
of CO provided by observations from TES and MOPITT. ~ 2007). In our analysis we employ version 3 MOPITT data

The broad range of published top-down estimates of re-and use profiles between 700-250 hPa, as these are the lev-
gional CO emissions reflects the fact that Bayesian inversels with most of the information in the retrievals (Emmons et

Atmos. Chem. Phys., 9, 3543562 2009 www.atmos-chem-phys.net/9/3547/2009/



D. B. A. Jones et al.: Inverse modeling of CO emissions 3549

al., 2007). The retrieved profiles can be expressed as a lineaf the averaging kernel matrix and provides a measure of the
estimate of the true atmospheric state number of independent pieces of information on the vertical
distribution of CO available in the retrieved profile. Itis, in

~MOP__MOP , AMOP,_true_ _.MOP
X = T AATT (T ) e (D) part, because of the low DOFS in the CO retrievals in 2005
wherexMOP is the MOPITT a priori CO profilex™€is the  thatwe restrict our analysis to fall 2004.

true atmospheric state vectéV'OP is the MOPITT averag- The TES and MOPITT CO data for early November 2004

ing kernel matrix, an@ is the measurement error. The av- aré shown in Flg 1.1In general, the CO abundances retrieved
eraging kernel is given bp=0MOP/gxtue and represents from MOPITT radiances are greater in the Southern Hemi-
the sensitivity of the MOPITT retrieval to the true state of the Sphere and lower in the Northern Hemisphere than those re-
atmosphere and provides a measure of the vertical resolutiotiieved from TES because of the uniform a priori CO profile

of the retrieval. and constraint matrix used in the MOPITT retrievals (Luo et
al., 2007a). In contrast, TES uses regionally varying a priori
2.2 TES profiles and constraint matrices based on simulations from

the MOZART model. A detailed comparison of the TES and
The TES instrument is a high resolution Fourier transformpopITT profile retrievals of CO was presented by Luo et
spectrometer that was launched on the Aura spacecraft og|. (2007a), while validation of the TES CO retrievals with
15 July 2004. It measures thermal emission between 3.3gjrcraft observations was conducted by Luo et al. (2007b).
15.4m in both nadir and limb modes (Beer et al., 2001). Lyo et al. (2007a) found that despite the differences in the
The satellite is in a SUn'SynChronOUS orbit at an altitude Ofmeasurement and retrieval techniques of TES and MOPITT,
705km with an inclination of 982and a repeat cycle of 16 hoth datasets provide about 0.5-2 DOFS in the troposphere.
days. The instrument operates in two observational modes:uo et al. (2007a) found that after accounting for the a priori
a global survey mode in which the observations are spacegrofiles incorporated in the retrievals and differences in the
about 5 along the orbit track, and a step-and-stare modeayeraging kernels between the instruments the two datasets
in which the observation are made every 40 km long the orere in good agreement, with an absolute mean difference
bit. The horizontal resolution of the nadir observations is of |ess than 5% in the column abundances of CO. In the ver-
8kmx5km. Similar to MOPITT, vertical profiles of CO are tical profiles, the largest mean differences between the two
retrieved from radiance measurements in thedurspectral  datasets were-4.8% at 150 hPa (for TES compared to MO-
region using an optimal estimation approach. The TES re-p|TT), whereas the smallest mean differences weé¥&% at
trievals, however, are performed for the logarithm of the mix- 850 hpa (Luo et al., 2007a). The focus of the work presented
ing ratio of CO. A detailed discussion of the TES retrievals here is to assess if this agreement between the two datasets
is given in Bowman et al. (2006). As for MOPITT, the TES jmply consistency in the constraints that they provide on sur-

retrievals can be expressed as a linear representation of thigce emissions of CO when the data are incorporated in an
true atmospheric state inverse model.

xf\TES:xIES+ATES(xtrue_xIES)+€ (2)

wherexESis the TES a priori CO profiledTES is the TES 3  Inversion methodology

averaging kernel matrix, arglis the measurement error. For . . . . .
ging The inversion framework employed here is described in

consistency with the inversion using MOPITT data, we re-J L (2003). We obtai imized . f1h
strict the TES profiles ingested in the inversion to between ones et al. ( ). We obtain optimized estimates of the

800—250 hPa. sources of CO by minimizing the cost function (Rodgers,
We employ 6 global surveys of TES CO data that WereZOOO)
obtained during 4-16 November 2_004. There were a Iimite_dJ(u):(f_F(u))Tse—l(f_F(u))Jr(u_ua)TS;l(u_ua) )
number of global survey data available before and after this
period in fall 2004. We use version V001 of the TES datawhere x is the observation vector that consists of the re-
as the major change in V002 was associated with improvetrieved vertical profiles of CO (defined in Egs. 1 and 2 for
ments in the calibration algorithms to reduce biases in theMOPITT and TES, respectivelyy,is the state vector with el-
TES radiances, which decreased the bias in the TE®O ements representing the source regions shown in Fig. 2, and
trievals in the upper troposphere (Worden et al., 2007). Theay, is the a priori state vector, which is based on the emis-
most significant change in the TES CO product occurred as aion inventory described in Sect. 4 and is given in Table 1.
result of the warm-up of the optical bench in the instrumentS; is the error covariance matrix of the observation vector
in December 2005 to correct for decreasing signal strengttand S, is the a priori covariance matrix. Note, for consis-
in the 1A1 filter. Before warm-up the sensitivity of the TES tency with the description of the satellite retrievals in Egs. (1)
CO retrievals had dropped to less than 1 degree of freedomand (2), we denote the state vector in the source inversion
for signal (DOFS) compared to a sensitivity of 1-2 DOFS asu although the standard optimal estimation nomenclature
after launch and after the warm-up. The DOFS is the traceas described in Rodgers (2000) usegas the state vector.
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Fig. 1. (a) Column abundances of CO (in #molecules cm?) from TES, averaged 4-15 November 20@8) Column abundances of

CO from the GEOS-Chem model. The modeled fields were sampled along the TES orbit and smoothed using the TES averaging kernels
and a priori profile. White areas are regions without observati@<olumn abundances of CO (in ¥molecules crii2) from MOPITT,

averaged 5-15 November 2004) Column abundances of CO from the GEOS-Chem model. The modeled fields were sampled along the
MOPITT orbit and smoothed using the MOPITT averaging kernels and a priori profile. White areas are regions without observations.

The observation vectot consists of 3011 and 10613 pro- We assume Gaussian error statistics for the observation
files for the inversions with TES and MPOITT data, respec-and a priori errors, which yields the following maximum a
tively. The MOPITT data were sampled on alternating daysposteriori (MAP) solution for the minimization of the cost
to match the one-day-on, one-day-off observational cycle offunction (Rodgers, 2000),

the TES global surveys. The forward modé{u) reflects

the transport of the CO emissions in the GEOS-Chem modely; 1=u;+(K/ S; 'K+, 1t [Kl.TS;l()?—F(u,-))

and accounts for the vertical sensitivity of TES and MOPITT N

and the a priori CO profile used in the retrievals in the two -S, ("i—"a)] . (6)

datasets. Itis given by
Hereu; andK;=0F (u;)/du are estimates of the state vec-

FMOP(41)=xMOP L AMOP(fj (34) —x MOP) (4)  tor and the Jacobian matrix, respectively, at tké itera-
tion. Note that the Jacobian accounts for the influence of the
averaging kernels because of the definition of the forward
FTES(u)zx-arES—i-ATES(ln[H(u)]—xZES) (5) model in Egs. (4) and (5). Consequently, the difference in
the vertical sensitivity of TES and MOPITT are incorporated
whereH (u) is the GEOS-Chem model which transports andinto the inversion. It is necessary to use an iterative ap-
chemically transforms the CO emissiomng.( proach in solving for the MAP solution because of the slight

and
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nonlinearity introduced by the logarithm in the TES forward — = .
model (Eq. 5). We obtain the solution in Eq. (6) using a -| . T : T?}rr‘f’?lmi‘*%w
Gauss-Newton method (Rodgers, 2000), with the sequentia\f;%’“‘«g&_""'rj;_\@”“v“--%' ‘ {% ;pf& one | PR (7 A
approach outlined in Jones et al. (2003). The Jacobian is B F = {T K
estimated using a tagged CO approach, in which we spec-| ot . Y, r;«—(: o5 - hsl %

ify separate atmospheric tracers of CO for emissions from NN ( priY e \EML\Q‘ '
each region in the state vector, as described in Sect. 4. The. ... ... %Jm.\._\w et SR e %,@ _
model was spun up starting in June 2003 and the Jacobiar . \Swﬂzjf ) \{_ Bt el
in November 2004, therefore, reflects the influence of emis- ... | T 7 | | %‘;é[ﬂ, vt g i
sions from previous monthséRon et al. (2002), in their in- ~ Werld (Row) tf;f/ amea | T A 2
version analysis of CO, showed that the CO distribution in a e DT

given month has the greatest sensitivity to emissions fromthe =~ & e
preceding three months. The spin-up was performed to re-__ =<~ LT S B

move the influence of the initial conditions on the inversion,
but the inversion was conducted for the dates in NovembeFig. 2. Source regions comprising the state vector in the inversion

2004 as described in Sect. 2. analysis. The a priori estimates for emissions from these regions are

In constructing the a priori error covariance matrix we as- listed in Table 1.

sume that emissions from the different sources are uncor-

related and have a uniform uncertainty of 50%, foIIowmg
Palmer et al. (2003), except for emissions from North Amer-!
ican and Europe for which Palmer et al. (2003) assumed an
uncertainty of 30%. We specify a uniform a priori constraint .

to more clearly assess the impact of the two datasets on thet al. (2002). We also neglect the correlations in the model

source estimates.
error, but account for the influence of the averaging kernels

The observation error covariance matrix consists of the re-,
from the instruments on the model error, which captures the
trieval error covariance, the model error covariance, and the

re (yemcal correlations associated with the vertical smoothing
presentativeness error covariance. Previous inverse mo  the retrievals.

eling studies (Palmer et al., 2003; Jones et al., 2003; and

Heald et al., 2004) for atmospheric CO have shown that the

model error dominates the observation error covariance, withf The GEOS-Chem model

the representativeness and measurement errors providing a

small contribution to the total error. In their inversion anal- The GEOS-Chem model (Bey et al., 2001) is a global three-
ysis of Asian emissions of CO, Heald et al. (2004) exam-dimensional CTM driven by assimilated meteorological ob-
ined the sensitivity of the estimates of the CO sources to theservations from the NASA Goddard Earth Observing Sys-
specification of the model error. They compared the impactem (GEOS-4) from the Global Modeling and data Assimi-
on the source estimates of specifying a uniform model errodation Office (GMAO). The meteorological fields have a hor-
variance with that obtained using the complete model errorizontal resolution of 1x1.25° with 55 levels in the verti-
covariance structure, as determined by Jones et al. (2003al, and a temporal resolution of 6 h (3 h for surface fields).
Using the NMC method (Parrish and Derber, 1992) and pairdMe employ version 7-02-04 of GEOS-Chenttp://www-as.

of 24-h and 48-h GEOS-Chem forecasts of CO, Jones eharvard.edu/chemistry/trop/g§osvith the resolution of the

al. (2003) estimated the covariance error structure for themeteorological fields degraded t§ @titude x2.5° longi-
GEOS-Chem simulation of CO, which Heald et al. (2004) tude. Recent applications of the model have been described
scaled based on the variance estimated from the differencim a range of studies (e.g. Suntharalingam et al., 2004; Heald
statistics of the MOPITT data and the GEOS-Chem simula-et al., 2004; Park et al., 2005; Hudman et al., 2007; and Wang
tion. Heald et al. (2004) found that there was sufficient infor- et al., 2007). The model includes a complete description of
mation in the MOPITT data such that the source estimates fotropospheric @NOx-hydrocarbon chemistry, including the
regions with strong biomass burning emissions of CO, suclradiative and heterogeneous effects of aerosols.

as Southeast Asia, were insensitive to the specification of the The GEOS-Chem simulation of CO for 4-15 Novem-
error covariance structure. Assuming a uniform estimate ofber 2004 is shown in Fig. 1. The model significantly un-
20% for the total observation error in their analysis, for ex- derestimates the CO abundances as observed by TES and
ample, did not significantly influence the estimates for sourceMOPITT, reflecting the climatological emission inventories
regions such as Southeast Asia. In contrast, they found thaised in the simulation. Anthropogenic emissions of CO in
the weaker regional sources, such as estimates for emissioiisis version of GEOS-Chem are as described by Duncan et
from Western China and Japan and Korea were influencedl. (2007), with emissions for the base year of 1985 in the
strongly by the choice of error covariance. As our focus hereinventory scaled to 1998. For biomass burning we employ

s on the dominant, continental-scale, biomass burning sig-

nals in the tropics, we assume a uniform observation error

of 20%. This approach is similar to previous inverse model-
|ng studies of CO such as Kasibhatla et al. (2002) a&tdon

www.atmos-chem-phys.net/9/3547/2009/ Atmos. Chem. Phys., 9, 3562-2009
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Table 1. A priori and a posteriori source estimates.
Region A priorf A posteriori A posteriori A posteriori  Difference between
(Tg COlyr) TES MOPITT MOPITT estimates from
4-16 Nov 5-15 Nov 5-28 Nov TES and
(TgCOlyr)  (TgCOlyr)  (TgCOlyr) MOPITY (%)
BB BF FF Total
North America 23 6 106 135 (2‘1) 36 (6) 146 (23) 165 (26) -75
Europe 8 17 85 110 (19) 132 (23) 111 (19) 111 (19) 19
Asia 102 93 171 367 (50) 511 (70) 531 (72) 483 (66) -4
South America 69 19 25 113 (25) 118 (26) 141 (31) 157 (35) -16
Northern 99 21 19 139 (16) 131 (15) 119 (14) 174 (20) 10
Africa
Sub-equatorial 78 10 6 95 (20) 173 (36) 184 (39) 185 (39) -6
Africa
Indonesia/ 49 7 13 69 (18) 155 (40) 185 (48) 165 (43) -16
Australia
Rest of 1215 (195) 1390 (223) 1344 (216) 1336 (214) 3
the World
Total 2243 2646 2761 2776 -4

@ Sources represent emissions of CO from fossil fuel (FF) and biofuel combustion (BF) and biomass burning (BB), based on Duncan et

al. (2003, 2007).

b The rest of the world source includes CO from the oxidation of methane and non-methane hydrocarbons.
¢ Difference in TES a posteriori estimates relative to those from MOPITT calculated from data in early November.
d values in parentheses represent the estimated source of CO for October and November 2004 in Tg CO.

40F T T T T T

35k

Tg CO/month

T T T T
— Indonesia/Australia
— — — Sub—equatorial Africa
_____ Northern Africa

South America

Time (months)

are the seasonal variations of the total a priori emissions ag-
gregated for the four tropical regions in our analysis. The
model simulation of CO using the a priori emissions is com-
pared in Fig. 4 with surface observations from the NOAA
Earth System Research Laboratory (ESRL)/Global Monitor-
ing Division (GMD) Carbon Cycle Greenhouse Gases net-
work (http://www.esrl.noaa.gov/gmd/ccgg/index.htmlAs
shown in Fig. 4, the model captures the seasonality of the
surface data at the GMD observation sites. This is consistent
with the results of Bian at al. (2007), who compared model
simulations of CO obtained with the Duncan et al. (2003)
biomass burning inventory with those based on the Global
Fire Emissions Database (GFED) versions 1 and 2 inventory
and the top-down biomass burning inventory of Arellano et
al. (2006) and found that, although the inventories produced
different regional biases in the simulated CO abundance, the
modeled CO distributions were generally within the range of

Fig. 3. Seasonal variations of the a priori tropical biomass burn- variability of CO observed at many of the sites in the GMD
ing emissions employed in the GEOS-Chem model. The emission%etwork.

have been aggregated for the regions defined in Fig. 2.

In our inversion analysis we specify monthly mean con-
centrations of OH to linearize the chemistry of CO. This ap-
proach has been used previously for the inverse modeling of

the emission inventory of Duncan et al. (2003), whereas forCO using the GEOS-Chem model (e.g. Palmer et al., 2003,
biofuel combustion we use estimates from Yevich and Logan2006; Jones et al., 2003; Heald et al., 2004; and Kopacz
(2003). The total a priori global emissions of CO, as well et al., 2009). Linearization of the chemistry enables us to
as the total secondary source of CO from the oxidation ofefficiently calculate the Jacobian in the inversion analysis by
methane and NMHC is given in Table 1. Shown in Fig. 3 specifying a separate tracer for each region considered in the

Atmos. Chem. Phys., 9, 3543562 2009
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S e Fig. 5. A priori and a posteriori CO source estimates. Black bars
M e S0P ST e S 0N indicate the a priori emission estimates, red bars are the a pos-
_Ascension Island (7.95, 14.40) _ _ Crozet Island (46.55, 51.9) teriori estimates inferred from TES data (4—15 November 2004),
whereas the blue bars are the a posteriori estimates based on MO-
PITT data (5-15 November 2004). The green bars represent the a
posteriori emission estimates obtained using MOPITT data for 5—
28 November 2004. The regional definitions are: North America
(NAm), Europe (EU), South America (SAm), North Africa (NAf),
sub-equatorial Africa (SAf), Indonesia/Australia (Inédais), and
e e the rest of the world and the background chemical source of CO
S ey SO0 L e T (ROW). The magnitude of the estimate for the ROW is indicated on
the right y-axis. Error bars indicate an uncertainty af .1-
Fig. 4. Comparison of the GEOS-Chem simulation of CO with
monthly mean surface observations of CO for 2004 from the GMD
network. Asterisks represent GMD CO data with the tariability tory (van der Werf et al., 2006) provides an a priori esti-
(for 1996-2004) indicated by the error bars. The model simulationmate of 78 Tg CO and 74 Tg CO for annual biomass burning

with the a priori emissions is shown with the solid black line. The omissions in 2004 from the Indonesian/Australian region and
modeled CO for November 2004 with the a posteriori emissions es, i._ ; ; ; :
timated from TES and MOPITT data is denoted by the red squar sub-equatorial Africa, respectively, which are much lower

and the blue diamond, respectively Shan our a posteriori estimates. van der Werf et al. (2006)
' ’ noted the total global carbon emissions from biomass burn-
ing in the GFEDvV2 inventory of 2.0 Pg Clyr, for April 2000—

state vector. These OH fields were obtained from an earMarch 2001, was much lower than the estimate of 3.4 Pg C/yr

lier version of the full chemistry simulation of GEOS-Chem nfeérred by Arellano et al. (2006) in their inversion analy-

(Evans and Jacob, 2005) and have a global annual mean OfiS of MOPITT data. Following Palmer et al. (2003) and
abundance of 10:81Fcm—3. Heald et al. (2004) we assume here that the seasonality of

the sources in the model (shown in Fig. 3) is correct and,

therefore, report the source estimates as annual means al-
5 Results though the inversion provides constraints on the source es-

timates mainly for the October to November period, due to
The results of the inversion analysis using data from TESthe atmospheric lifetime of CO of weeks to a few months. In
and MOPITT for early November 2004 are shown in Fig. 5 the analysis we do not attempt to discriminate between emis-
and Table 1. They suggest significantly greater emissions o$ions of CO from different source types, such as biomass
CO in sub-equatorial Africa and the Indonesian/Australianburning or fuel combustion. The globally averaged source of
region than the a priori. In sub-equatorial Africa, where CO estimated from the TES and MOPITT measurements are
the a priori estimate is 95 Tg CO/yr (Table 1), the inferred 2646 Tg CO/yr and 2761 Tg COlyr, respectively, compared
emission estimate from TES data is 173 Tg CO/yr, while theto the a priori of 2243 Tg CO/yr (Table 1).
estimate based on MOPITT data is 184TgCOlyr. In the The a posteriori estimates of the CO emissions for sub-
Indonesian/Australian region the a posteriori emission es-equatorial Africa and the Indonesian/Australian region based
timates are 155Tg CO/yr and 185 Tg COl/yr, based on theon the TES data thus represent an increase in emissions
TES and MOPITT data, respectively, compared to the aby a factor of 1.8 and 2.3, respectively, above the a priori
priori of 69 TgCO/yr. For comparison, the Global Fire values. The large increase in emissions from these regions
Emissions Database version 2 (GFEDv2) emission inven-are consistent with the results of Arellano et al. (2006), who
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conducted an inversion analysis of MOPITT data for 2000 We conducted a sensitivity analysis using observations
2001 and reported similarly greater top-down estimates ofrom MOPITT for 5-28 November to determine the poten-
CO emissions. Arellano et al. (2006) estimated total a postial impact on the source estimates of using only two week
teriori emissions from Indonesia and Oceania (which in-of data on early November. We found that the MOPITT data
cludes Australia) of about 165 Tg CO/yr, which is compa- for 5-28 November data produced results similar to those ob-
rable to the estimates of 155-185 Tg CO/yr obtained in thistained with data for the first half of November, with the ex-
study. For sub-equatorial Africa they reported an estimateception of the North African emission estimates. This is con-
of 203 Tg COlyr, slightly larger than the 175-185 Tg COl/yr sistent with the simulation experiments of Jones et al. (2003)
obtained here. It should be noted that in their analysis,that suggested two weeks of TES would provide sufficient in-
Arellano et al. (2006) quantified separately CO emissionsformation to quantify large-scale continental sources of CO.
from fuel combustion and biomass burning and found that We examined the correlation between the a posteriori es-
fuel combustion provided a significant contribution to the timates for the southern tropical sources and found that with
total a posteriori emission estimates for Indonesia and subboth TES and MOPITT data the correlations between the
equatorial Africa. For example, their a posteriori estimate forsource estimates were smalk(0.4). The correlation coeffi-
emissions from fuel combustion from Indonesia and Ocea-<ient was calculated using the expression
nia were 84 Tg CO/yr and about 5 Tg COl/yr, respectively. In
contrast, their a posteriori estimate for biomass burning from j
these regions was 76 Tg CO/yr. We do not believe that oufi="7— — )
inversion approach can reliably discriminate between emis- \/>\/S>
sions of CO from fuel combustion and biomass burning.
However, the consistency between our results for 2004 anavheres;; ; is the a posteriori covariance between tkté and
those of Arellano et al. (2006) for 2000 does suggest that fuelj-th elements of the state vector. The inversion analysis
combustion may indeed be responsible for a large fraction ofan independently quantify emissions from the three conti-
the emissions as these sources have less interannual variabilental regions in the southern tropics because transport pat-
ity. terns from these regions are broad and are relatively dis-
In a companion paper by Bowman et al. (2009) the a posdtinct, reflecting the regional meteorology. The distribution
teriori emissions from the inversion are evaluated in the con-of the tagged CO tracers emitted from South America, sub-
text of their impact on the modeleds@istribution. Using a  equatorial Africa, and the Indonesian/Australian region are
forward model simulation of GEOS-Chem with the pre- shown in Fig. 6. Emissions from South America are en-
cursor emissions from fuel combustion and biomass burnirained into the subtropics in the southern tropical Atlantic
ing scaled by the regional scaling factors obtained in the CCand are transported eastward in the westerlies in the subtrop-
inversion, Bowman et al. (2009) showed that the a posteics and extratropics of the Southern Hemisphere. Emissions
riori emissions provide an improved simulation o§ @ver  from sub-equatorial Africa, on the other hand, are exported
Indonesia and Australia. Throughout the free troposphereacross the Indian Ocean and Australia. Over Australia and
over Indonesia and AustraliazOncreased in the model by Indonesia the dominant contribution to the total abundance
as much as 10 ppb, reducing the maximum bias in the modef CO in the free troposphere is from local emissions con-
eled @ distribution relative to TES by about 40%. In con- vectively transported out of the boundary layer. Gloudemans
trast, in the free troposphere over the tropical Southern At-et al. (2006) also showed that long-range transport of emis-
lantic, Bowman et al. (2009) found that the improvement in sions from South America and sub-equatorial Africa also
the modeled @ with the a posteriori emissions was mod- contribute to CO abundances over Australia. In general, over
est, despite the large increases in surface emissions fror@ach continental region, convective transport of surface emis-
sub-equatorial Africa, reflecting the greater influence okNO sions to the upper troposphere and subsequent eastward out-
from lightning on the budget of £in this region. flow provides a strong signal for CO in the middle tropo-
The results obtained here show that TES and MOPITTsphere where TES and MOPITT are most sensitive.
data provide consistent constraints on surface emissions of While the focus on this analysis is on the tropics, the in-
atmospheric CO. As shown in Table 1, the absolute differ-verse model is global in scope and the major discrepancy
ences in the source estimates inferred from the two datasetsetween the results obtained with TES data and those from
are about 20% or less, with the exception of emissions fromMOPITT data is in the estimate for North American emis-
North America, which is discussed further below. These dif-sions. The TES data suggest a significantly reduced North
ferences represent the potential influence on the source esthkmerican source of CO compared to the a priori, whereas
mates of the different spatio-temporal sampling of the TESthe MOPITT data suggest a slightly larger source (Table 1).
and MOPITT measurements when the data are incorporateBecently, Hudman et al. (2008) suggested that a 60% re-
into a regional Bayesian inverse analysis. duction in anthropogenic emissions in North America, rel-
ative to the US EPA NEI99 inventory is required to recon-
cile the model simulation of CO with aircraft observations of
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Fig. 7. Contribution of emissions of CO from North America (as
defined in Fig. 2) to the total abundance of CO. The tracer distribu-
tion, as a percentage of total CO, is shown averaged between 1-15
November 2004 at about 8 km.

al. (2008). However, we do not believe that the inversion pro-
vides a reliable estimate of the North American emissions.
We found that with TES data the North American source es-
timate is correlated with the European estimate-{0.6).
With MOPITT data, however, the North American and Euro-
pean source estimates are uncorrelated{0.09). The chal-
lenge with quantifying the North American emissions is that
in boreal fall these emissions provide a small contribution
to the total CO abundance in the free troposphere at mid-
latitudes. As shown in Fig. 7, North American emissions
account for less than about 20% of the total CO in the mid-
dle troposphere at midlatitudes, which means that the signal
for North American emissions is more challenging to dis-
criminate from the background, given the noise level in the
inversion analysis. In contrast, in Jones et al. (2003) two
weeks of pseudo-data from TES in March were sulfficient to
guantify emissions from North America, Europe, and Asia
because emissions from these regions provided a larger con-
tribution to the total CO abundance as a result of the longer
atmospheric lifetime of CO in spring.
The difference in the North American source estimates
obtained with TES and MOPITT data may be due to the
—— fact that there are episodic transport events, such as warm
' conveyor belts associated with the passage of cold fronts,
Fig. 6. Distribution of the tagged CO tracer for emissions of which transport air out of the North American boundary layer
(a) South America,(b) sub-equatorial Africa, andc) Indone- and produce enhanced levels of CO in the free troposphere.
sia/Australia. The tracer distributions were obtained using the al Nese signals are localized spatially and temporally and are
priori CO emissions and are shown as a percentage of total CO dherefore not easily captured by the TES data. MOPITT, on
about 8 km, averaged between 1-15 November 2004. the other hand, because of its greater spatio-temporal sam-
pling density can resolve these synoptic structures (Liu et al.,

2006) and therefore may provide more constraints on North
CO from the ICARTT campaign. The reduction of the esti- American emissions.

mate of the North American source with the TES data seems
to be consistent with the recommendation of Hudman et
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The discrepancy between the North American estimates ilet al., 2003). Indeed, fire-counts inferred from the MODIS
lustrates the importance of properly selecting the state vectonstrument show more widespread burning in late November
in the inversion analysis that is consistent with the spatio-2004, compared to early November. This increased burning
temporal sampling of the observation used in the analysislater in the month is reflected in the larger source estimate ob-
Ideally, the estimates for those elements of the state vectorained when MOPITT data from late November is included
for which the observations provide little information should in the inversion analysis.
remain at the values specified by the a priori. The low esti-
mate of the North American source obtained with the TES5.1 Comparison of GEOS-Chem with a posteriori
data indicate the presence of systematic errors in the inverse ~ emissions to TES and MOPITT
model.

The results obtained using both TES and MOPITT The a posteriori emissions provide a significantly improved
data suggest significantly larger emissions from Asia,Simulation of the distribution of CO, as shown in Table 2 and
511 Tg CO/yr and 531 Tg COlyr, respectively, compared toFigs. 8 and 9. The global mean bias (averaged@®0 N)
the a priori estimate of 367 TgCO/yr. In contrast, the in- in the modeled column abundances of CO with respect to
verse modeling studies of Heald et al. (2004) and Arel-the TES data is reduced from12% to 0.1%, while the bias
lano et al. (2006), which inferred CO emissions from MO- with respect to the MOPITT data is reduced fres22% to
PITT data, reported estimates for the Asian emissions of CO-0.8%. Despite the significant improvement in the global
(excluding emissions from Indonesia) of 282 Tg CO/yr andmean CO, the model simulation with the optimized emis-
402 Tg COlyr, respectively. The differences between the &ions produces large regional biases, as shown in Figs. 8, 9,
posteriori estimates of the Asian sources reported by thesand Table 2. The residuals of the model fit to the TES and
studies are due, in part, to the fact that these studies useédOPITT data shown in Figs. 8b and 9b and Table 2 indicate
different inversion configurations. Heald et al. (2004) con- that the inversion with both datasets provides an underesti-
ducted a regional inversion analysis for Asia, whereas Arel-mate of 3—7% of the CO column abundances over the south-
lano et al. (2004) performed a global analysis. In addition,ern tropical Atlantic, Southern Africa, and over the Indian
the analyses were focused on different periods: our analy©Ocean.
sis was carried out for November 2004, whereas the Heald The optimized emissions inferred from MOPITT data pro-
et al. (2004) study was focused on February—April 2001,duce an underestimate of CO abundances over the Sahara,
and Arellano et al. (2006) conducted a time dependent inthe Middle East, and over the North Pacific, while they result
version analysis for April 2000—April 2001. These stud- in an overestimate of CO abundances across the tropical Pa-
ies will, therefore, be impacted differently by the spatio- cific and over tropical Western Africa. These regional biases,
temporal sampling of the data and by systematic errors assdiowever, are compensatory such that the mean bias across
ciated with the transport and chemistry. It is also possible thathe tropics and midlatitudes of the Southern Hemisphetre (0
some fraction of the differences between the Asian estimated45° S) is small,—3% and—1% for emissions inferred from
reported here and those from the earlier studies could reflectES and MOPITT data, respectively. Similarly, in the ex-
actual increases in emissions of CO in Asia since 2000. How4ratropics of the Northern Hemisphere {260° N) the mean
ever, examination of the residuals from the CO simulationbiases in the model, relative to the TES and MOPITT data,
with the a posteriori emissions (discussed below), show thatire reduced from-7% and—18%, respectively, to 0.9% and
the Asian estimates reported here do provide an overestimate 2.7% with the a posteriori emissions. The fact that the re-
of the Asian sources of CO, suggesting that these emissionduced North American emissions obtained with the TES data
are not well constrained by the observations. This is likely do not contribute to a noticeable bias between the model sim-
due to the fact that the contribution of direct Asian emissionsulation with the a posteriori emissions and the TES observa-
to the total atmospheric abundance of CO is small in summetions over North America is an indication that, as discussed
and fall compared to winter and spring. This low sensitivity above, North American emissions provide a small contribu-
combined with the presence of systematic errors in the invertion to the total CO in the free troposphere in boreal fall.
sion (in either the data or the model) could adversely impact The large a posteriori estimate for Asian emissions repre-
the source estimates. sents an overestimate of the Asian sources, as reflected in the

As mentioned above, the source estimates obtained frontarge positive residuals over East Asia (Figs. 8b and 9b and
two weeks of MOPITT data are consistent with those in- Table 2). As mentioned above, this is likely due to a com-
ferred from data for the whole month of November 2004. bination of aggregation errors in the inversion analysis and
The exception is for north equatorial Africa, for which the bias in the model transport or chemical fields. With the a pri-
inversion using the latter dataset suggests a much larger estdri emissions, the model underestimates the CO abundance
mate for the CO emissions compared to results with the for-over the North Pacific compared to the observations from
mer. Biomass burning, which is the dominant source of COTES and MOPITT. Emissions of CO from Southeast Asia
from north equatorial Africa, increases during boreal fall andrepresent a large contribution to the total CO in the upper
winter, reaching a maximum in December—January (Duncartroposphere over the Pacific. The a priori bias over the North

Atmos. Chem. Phys., 9, 3543562 2009 www.atmos-chem-phys.net/9/3547/2009/



D. B. A. Jones et al.: Inverse modeling of CO emissions 3557

Table 2. Regional bias in the model simulation of €O

TES MOPITT

Region Apriori A posteriori A priori A posteriori

bias (%) bias (%) bias (%) bias (%)
Globe -12 0.1 —-22 -0.8
(60° S-60 N)
Southern Hemisphere -18 -2 —27 -1
(0°-45S)
Southern Atlantic -18 -3 —27 -5
(35°=0° S, 40 W-5E)
Southern Africa/Indian Ocean -20 -5 -31 -7
(35°-15° S, 15-9C° E)
Central Pacific Ocean -14 0.3 -13 8
(10° S-10 N, 180> W-8C° W)
Northern Hemisphere -7 1 —18 -3
(25° N-6C° N)
North Pacific -10 -0.9 —24 -8
(25°-6C° N, 175 W-120 W)
East Asia -4 3 -12 6

(25°-60° N, 110° E-135 E)

@ The bias is calculated (model minus observations) with respect to CO columns from TES and MOPITT data, with the a priori and a
posteriori emissions of CO in the model.

Pacific could reflect either an underestimate in the magnitudeoted by Arellano et al. (2006) in their inversion analysis of
of these emissions or a bias in the rate at which these emighe MOPITT data. They speculated that the discrepancy at
sions are transported to the upper troposphere (mostly likehAscension Island could be due to a bias in the altitude de-
by convective transport). By aggregating all of the Asian pendence of the model transport. Similarly, the positive bias
emissions into one region, the inversion analysis scales all oin the CO simulation at Crozet Island with the a posteriori
the Asian emissions in trying to compensate for this underesestimates from both datasets suggests a possible bias in the
timate of CO over the North pacific, potentially resulting in model transport of CO to the free troposphere of the mid-
an overestimate of the Eastern Asian emissions. As demonraltitudes of the Southern Hemisphere.
strated recently by Kopacz et al. (2009), conducting the in- At Shemya Island, in the Northern Hemisphere, both a
version at the resolution of the model would provide maxi- posteriori inventories produce an overestimate of the ob-
mum flexibility in adjusting the emissions to best reproduceserved CO, which may be due to the overestimate of the
the observations (given the uncertainty of the observationsAsian emissions in the inversion. At Bermuda, the TES-
and the model simulation), while minimizing the aggregation derived emissions correct the positive bias in the a priori sim-
errors. ulation of CO in the model, whereas the MOPITT-derived
The model simulations with the a posteriori emissions areémissions exacerbated the positive bias. The apparent im-
compared with surface observations from the GMD networkProvement in the model simulation at Bermuda with the TES
in November 2004 in Fig. 4. At the Seychelles and Guam,data is due to the significant reduction in North American
in the Indian and Pacific Oceans, respectively, the a posteMissions obtained with TES data. This suggests that both
riori emissions provide a significantly improved simulation datasets may provide poor constraints on North American
of the observations in November 2004. At the Seychellesemissions in fall. However, as we noted above, recent work
the bias was reduced from14.8 ppb to 3.2 ppb and 6.5ppb by Hudman et al. (2008) suggests that a 60% reduction in an-
with the TES and MOPITT a posteriori inventories, respec-thropogenic emissions in North America is required to rec-
tively, whereas at Guam it was reduced frem4.7 ppb to  oncile the model simulation of CO with aircraft observations
—2.4ppb and 1.7 ppb for TES and MOPITT, respectively. from the ICARTT campaign. The agreement between the
At Ascension Island and in the midlatitudes of the Southernmodel and the surface observations at Bermuda would sup-
Hemisphere both a posteriori emissions result in a signifi-Port that recommended reduction, but as we noted above,
cant overestimate of the observed CO abundances (the bidge inversion with TES data cannot independently quantify
increased from-7.1 ppb to 11.3ppb and 14.3 ppb for TES North American and European emissions.
and MOPITT). The overestimate of CO in these regions was
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Fig. 8. (a)Column abundances of CO, averaged from 4-15 Novem-Fig. 9. (a)Column abundances of CO, averaged from 5-15 Novem-
ber 2004, from the GEOS-Chem simulation of the a posteriori emis-her 2004, from the GEOS-Chem simulation of the a posteriori emis-
sions. Modeled fields transformed using the TES averaging kernelgions. Modeled fields transformed using the MOPITT averaging
and a priori profiles. Units are $#¥molecules cm?. (b) The resid-  kernels and a priori profiles. Units are #onolecules cm2. (b)

uals expressed as a percent difference between the model and thhe residuals expressed as a percent difference between the model
TES observations (model minus TES). The TES data are shown itind the MOPITT observations (model minus MOPITT). The MO-
Fig. 1. PITT data are shown in Fig. 1.

5.2 Feedback of changes in atmospheric OH on CO

direct feedback on CO abundances. However, increases in
In the inversion analysis we linearized the chemistry of COcombustion-related emissions o @recursors will lead to
by imposing monthly mean concentrations of OH, the mainelevated atmospheric abundances gfa®d OH, and conse-
sink for atmospheric CO. This, however, introduces biases irquently to suppressed concentrations of CO. To assess the
the inversion as observations of CO ingested in the analysisnagnitude of this indirect feedback on the atmospheric con-
will also reflect the influence of OH concentrations charac-centrations of CO we conducted a forward model simulation
teristic of different background chemical conditions in the with the full nonlinear chemistry and with the combustion-
atmosphere. For example, enhanced emissions of CO in Inrelated emissions of NQ(from biomass burning and biofuel
donesia/Australia, as suggested by the observations, will reand fossil fuel combustion) scaled uniformly according to
sult in a reduction of atmospheric OH, which will have a the regional scaling factors obtained in the inversion analysis
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of the CO data. We focus on changes in,Némissions as  *" g T T
NOx is a key @ precursor and the TES observations indicate + )
that the model underestimates @cross the southern trop-
ics (Bowman et al., 2009). We scale only N®missions
in the simulation and compare the resulting CO distribution
with that obtained with the a priori NOemissions. We ne- |58 .
glect possible errors associated with assuming that the rela: S
tive contribution of different source types to the total emis- .- [ '
sions of NQ is the same as for emissions of CO in these .| = S
regions. e e c—
The change in the abundance of CO obtained with the . -
scaled NQ emissions is shown in Fig. 10. The increased rig. 10. Difference in modeled CO at 8km in the GEOS-Chem
emissions of NQ from Indonesia and Australia results in a model between simulations with the a priori emissions and with
reduction of CO by as much as 7-10 ppb, corresponding t@ombustion related NQemissions scaled based on the regional
about 10% of the total CO abundance. This decrease in CQcaling factors from the CO inversion. Shown are the differences
is a result of increased tropospherig,@nd thus OH, in the in the distribution between the a priori minus scaled\simula-
Indonesian/Australian region. Higher concentrations ofNO tions, averaged between 1-15 November 2004. Units are ppb.
produce an increase ins@hroughout the southern tropics,
with the largest increases, of about 35%, in the middle/upper
troposphere over Indonesian/Australian (not shown). A de- The TES and MOPITT data provided consistent infor-
crease of about 7—10 ppb in CO over Indonesia and Australignation on the CO sources; differences between the a pos-
represents about 20—-30% of the contribution of emissionderiori emission estimates obtained from the two datasets
from this region to the total abundance of CO (F|g 6) andwere generally less than 20%. We found that both datasets
suggests that neglecting the chemical feedback of changegHggested significantly greater emissions of CO (by a fac-
in surface emissions on the abundance of OH, and thus caor of 2-3) from sub-equatorial Africa and from the In-
could introduce biases in the a posteriori estimates of thedonesian/Australian region in November 2004. The a pos-
sources of CO. Indeed, in their inversion ana|ysis of Sur-teriori emissions from Sub-equatorial Africa based on TES
face measurements of CO and GOME observations of NO and MOPITT data were 173TgCO/yr and 184 Tg COlyr,
Miiller and Stavrakou (2005) found that using GOME NO respectively, compared to the a priori of 95Tg CO/yr. In
observations and the surface CO data together was bettdéhe Indonesian/Australian region, a posteriori emissions in-
than using only the surface CO data. Their a posteriori coferred from TES and MOPITT data were 155Tg COlyr
emissions obtained by simultaneously optimizing the CO and@nd 185Tg COlyr, respectively, whereas the a priori was
NOy sources provided a better simulation of independent air69 T CO/yr. In contrast, the a posteriori emissions from
craft observations of CO than those estimated from only theSouth America were not significantly different from the a

surface CO data. priori.
_ _ We found that while the source estimates for the TES and
6 Summary and discussion MOPITT were consistent, the inversion was less sensitive to

) . . the midlatitude sources in the Northern Hemisphere, because
We have conducted an inverse modeling analysis of observagjrect emissions of CO from these sources provide a smaller

tions of atmospheric CO from the TES and MOPITT satel- . ihytion to the total atmospheric CO in fall than in late
lite instruments to quantify emissions of CO in the ropiCs \inter and spring. The inversion produced much larger esti-
in November 2004 and to assess the consistency of the CONates for emissions from Asia, 511 Tg CO/yr based on TES

straints that data from these instruments provide on estimate&ata and 531 Tg CO/yr based on MOPITT data, which are

of surface emissions of CO. We focused our analysis on Ob'greater than most previously published estimates of Asian

servations from November 2004, during the biomass burn'n%missions. These a posteriori emissions result in large resid

season in the Southern Hemisphere, when observations frofly s ver East Asia, with the model simulation providing an

TES and MOPITT indicated that the climatological emis- overestimate of the observed CO from both TES and MO-
sions inventory in the GEOS-Chem model significantly un- p|11 \hereas the model simulation with the a priori emis-
derestimated the abundance of CO observed by both instrsjo s nderestimated the observed CO over this region. The

ments. We used ‘T" maximum .a posterlor.| mverse mOdeIIngresidual bias over East Asia is likely a result of systematic
approach to quantify the magnitude of emissions of CO most, ;s in the model chemistry and transport fields.

consistent with the observations. Although our focus was We also examined the feedback on atmospheric CO of

on the tropics, the inversion analysis was global, employingv L . . A . .
) . ariations in tropospheric OH associated with changes in
profile retrievals of CO from MOPITT and TES between biomass burning emissions, as suggested by the a posteri-

60° S-60'N. ori CO source estimates. Using a forward model simulation
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