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[1] Inverse modeling using the Bayesian least squares method is applied to better
constrain the sources and sinks of atmospheric methyl chloride (CH;Cl) using
observations from seven surface stations and eight aircraft field experiments. We use a
three-dimensional global chemical transport model, the GEOS-Chem, as the forward
model. Up to 39 parameters describing the continental/hemispheric and seasonal
dependence of the major sources of CH3Cl are used in the inversion. We find that the
available surface and aircraft observations cannot constrain all the parameters, resulting in
relatively large uncertainties in the inversion results. By examining the degrees of freedom
in the inversion Jacobian matrix, we choose a reduced set of parameters that can be
constrained by the observations while providing valuable information on the sources and
sinks. In particular, we resolve the seasonal dependence of the biogenic and biomass-
burning sources for each hemisphere. The in situ aircraft measurements are found to
provide better constraints on the emission sources than surface measurements. The a
posteriori emissions result in better agreement with the observations, particularly at
southern high latitudes. The a posteriori biogenic and biomass-burning sources decrease
by 13 and 11% to 2500 and 545 Gg yr ', respectively, while the a posteriori net ocean
source increases by about a factor of 2 to 761 Gg yr . The decrease in biomass-burning
emissions is largely due to the reduction in the emissions in seasons other than spring in

the Northern Hemisphere. The inversion results indicate that the biogenic source has a
clear winter minimum in both hemispheres, likely reflecting the decrease of biogenic

activity during that season.

Citation: Yoshida, Y., Y. Wang, C. Shim, D. Cunnold, D. R. Blake, and G. S. Dutton (2006), Inverse modeling of the global methyl
chloride sources, J. Geophys. Res., 111, D16307, doi:10.1029/2005JD006696.

1. Introduction

[2] Methyl chloride (CH3Cl) is one of the most abundant
chlorine-containing gases in the atmosphere and a major
contributor to the stratospheric chlorine loading. The global
average mixing ratio of CH3Cl in the troposphere is
measured at about 550 + 30 parts per trillion per volume
(pptv); a major concern about this species is the imbalance
of its budget, i.e., known sinks are much larger than known
sources [e.g., Montzka et al., 2003].

[3] According to the emission data provided in the
Reactive Chlorine Emissions Inventory (RCEI) conducted
under the International Global Atmospheric Chemistry
(IGAC) Global Emissions Inventory Activity (GEIA) proj-
ect, the estimated emissions from known sources such
as biomass-burning, oceans, incineration/industrial sources
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are 910 (650—-1120), 650 (40-950), and 162 (30-294)
Gg (giga gram = 10° gram) yr ', respectively [Keene
et al., 1999; Khalil et al., 1999; Lobert et al., 1999;
McCulloch et al., 1999] (the numbers are best estimates
with full ranges in the parenthesis). Emission from certain
wood-rotting fungi is estimated as 156 (35—385) Gg yr ',
though no global distribution is currently available [ Watling
and Harper, 1998; Khalil et al., 1999; Lee-Taylor et al.,
2001]. In addition, Rhew et al. [2000] estimated annual
global release of 170 (65—440) Gg of CH;Cl from salt
marshes, and Varner et al. [1999] calculated a global flux of
48 Gg yr ' from wetlands.

[4] The major removal process of CH3ClI in the atmo-
sphere is due to oxidation by OH radicals, which accounts
for a 3.5 (2.8—4.6) Tg (teragram = 10'* gram) loss per
year [Koppmann et al., 1993]. It is estimated that about
285 Gg of tropospheric CH5Cl is transported to the strato-
sphere and lost there by photo dissociation and OH oxida-
tion. Although the ocean is a net source globally, it is a
significant net local sink in high-latitude regions. The RCEI
estimate for the oceanic sink over the net uptake regions is
150 Gg yrf1 [Moore et al., 1996; Khalil et al., 1999; Keene
et al., 1999]. Soil is recognized as an additional sink, and
Keene et al. [1999] estimated that it could be as much as
256 Gg yr ', but the uncertainty is quite high [Lee-Taylor et
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al., 2001; Rhew et al., 2001]. The CH;CI budget based on
the current “best guess” estimates given above leaves a
substantial source deficit of ~1.8 Tg yr .

[5] There is experimental and modeling evidence that the
missing source is biogenic in origin. Enhancements of
CHj;Cl that are correlated with a short-lived biogenic tracer
(a-pinene) were measured by Yokouchi et al. [2000].
Yokouchi et al. [2002] found strong emissions of CH;Cl
from tropical plants, although the biological processes
responsible for the emissions from terrestrial vegetation
are unknown [Keene et al., 1999; Yokouchi et al., 2000,
2002].

[6] Khalil and Rasmussen [1999] suggested that 85% of
the emission of CH5Cl comes from tropical and subtropical
regions on the basis of their inverse modeling results with
simplified box models for tropospheric transport and OH
oxidation. Hamilton et al. [2003] estimated a global annual
CH;Cl production of 75-2500 Gg between 30°N and 30°S
on the basis of their CH;Cl flux observations from senes-
cent and dead leaves. In a global three-dimensional (3-D)
model simulation of CH3Cl, Lee-Taylor et al. [2001] found
that a biogenic source of 2330—2430 Gg yr~' is necessary
for the model to reproduce surface observations of CH;CIL.

[7] We also conducted and evaluated global 3-D model
simulations of CH;Cl with aircraft in situ measurements
taken in field experiments from 1991 to 2001 as well as
surface site measurements [Yoshida et al., 2004]. As in the
work by Lee-Taylor et al. [2001], we included a large
biogenic source of 2900 Gg yr~' in order to explain the
observed CH;Cl distributions. The source is limited to
the region between 30°S and 30°N in order to reproduce
the observed seasonal and latitudinal variations in the
model. We assume that the source is aseasonal because no
a priori information is currently available to specify tempo-
ral variability of the source in the model. One of the major
problems in the model simulations is the overestimate of the
seasonal variation of CH3Cl at southern middle and high
latitudes.

[8] We explore in this work a different approach [from
Yoshida et al., 2004] to analyze the surface and aircraft
observations. The question we pose is to what extent the
seasonal and geographical dependence of the biogenic and
other sources can be constrained by the available observa-
tions. We apply a Bayesian least squares method to derive
the CH;Cl sources on the basis of the measurements from
seven surface sites and eight aircraft field experiments. The
“bottom-up” inventories by Yoshida et al. [2004] are used
as a priori. By inspecting the Jacobian matrix and inversion
results, we examine the number of emission parameters that
can be constrained and compare the constraints by the
surface measurements to those by aircraft measurements.
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“NOAA CMDL, National Oceanic and Atmospheric Administration Climate Monitoring and Diagnostics Laboratory; AGAGE, Advanced Global Atmospheric Gases Experiment; PEM, Pacific Exploratory Mission;
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Blake et al.
Blake et al.
Blake et al.
Blake et al.
Blake et al.
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Time Period
Jan. 1998 to March 2002
Dec. 1999 to Feb. 2002
Dec. 1998 to Feb. 2003
Jan. 2001 to Nov. 2003
1998-2001
March— April 1999
Nov.—Dec. 1995

Sept.—Oct. 1992
Feb.—March 1994

1981-1997

Aug.—Oct. 1996
Sept.—Oct. 1991
Feb.—April 2001
Feb.—May 2000

Surface Sites
Aircraft Missions

Region
Hawaii (19.3°N, 154.5°W), Samoa (14.1°S, 170.6°W), Tasmania (42°S, 145°E), Antarctica (90°S)

Alaska (71.2°N, 156.5°W), Oregon (45.5°N, 124°W),
Alaska (71.3°N, 156.6°W)

Ireland (53.2°N, 9.5°W), Tasmania (40.4°S, 144.4°E)

Hawaii (19.5°N, 155.6°W)
Samoa (14.2°S, 170.6°W)
Antarctica (90.0°S, 102.0°E)
tropical Pacific

tropical Pacific
Pacific/Southern Ocean
tropical Atlantic

western Pacific

western Pacific

western Pacific

North America

2. Methods
2.1. Observations

[o] The observations of CH;Cl from seven surface
stations and eight aircraft missions are used in this study.
Table 1 summarizes these measurements. The locations of
the surface measurement sites and aircraft observation
regions are shown in Figure 1. There are two measurement
data sets for Alaska, Hawaii, Samoa, Tasmania and Antarc-
tica. Both are used in the inversion. For aircraft observa-

Table 1. Atmospheric Measurements of CH;CI*

Khalil and Rasmussen [1999]

PEM-Tropics A
PEM-Tropics B
ACE 1
PEM-West A
PEM-West B

NOAA CMDL
NOAA CMDL
NOAA CMDL
NOAA CMDL
AGAGE
TRACE-P
TOPSE

TRACE-A
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1) PEM-T-A (f) 5) PEM-T-B (f) 9) ACE1 (f-dec) ~ 13) TRACE-A (af)  17) PEM-W-B (gm) 21) TRACE-P (w)
2) PEM-T-A (tht) 6) PEM-T-B (tht)  10) ACE1 (tas-dec) ~14) PEM-W-A (gm) 18) PEM-W-B (sw)  22) TOPSE (s)
3) PEM-T-A (hwi)  7) ACET (thtnov)  11) TRACE-A (sa)  15) PEM-W-A (sw)  19) PEM-W-B (jp)  23) TOPSE (n)
4)PEM-T-A(ep)  8) ACE1 (tas-nov) 12) TRACE-A (oc)  16) PEM-W-A jp)  20) TRACE-P ()
Figure 1. Surface measurement sites (indicated by symbols) and aircraft observation regions. The

measurements are listed in Table 1. Here, fj, Fiji;
Tasmania; sa, South America; oc, South Atlantic;
Japan.

tions, the experiment regions are divided into 23 smaller
regions [Yoshida et al., 2004]. We calculate monthly mean
concentrations for each data set for model evaluation and
inversion calculation. In order to compare the constraints on
the CH3Cl sources by surface measurements with those by
aircraft measurements, inverse modeling is conducted using
three data sets: (1) data from station observations only,
(2) data from aircraft experiments only, and (3) data from
both station and aircraft experiments.

2.2. Forward Model

2.2.1. Model Description

[10] The model used in this study is the GEOS-Chem
(version 5.02) global 3-D chemical transport model (CTM)
of tropospheric chemistry driven by assimilated meteoro-
logical fields from the Goddard Earth Observing System
(GEOS) of the NASA Global Modeling and Assimilation
Office (GMAO) (http://www-as.harvard.edu/chemistry/
trop/geos/) [Bey et al., 2001]. We use a horizontal resolution
of 4° latitude x 5° longitude and 26 vertical levels. We
simulate the CH3Cl distributions using meteorological fields
for August 1996 to September 1997 (GEOS-STRAT). In our
previous work [Yoshida et al., 2004], we used the assimi-
lated meteorology for different years and found that the
resulting difference in CH;Cl distributions is relatively
small. This uncertainty is now accounted for as part of the
model transport error (section 2.3.3). CH;Cl increase (de-
crease) by a source (sink) is “tagged” by a different tracer.
In this manner, the contribution from a source or sink to the
spatial and temporal CH3Cl distributions can be evaluated
in the model. The sink by OH oxidation is not treated as a
separate tracer; the uncertainties of the OH field and
reaction rate constant are taken into account as part of the
model error (section 2.3.3).
2.2.2. Sources and Sinks of CH;Cl

[11] Our a priori sources of CH3Cl are taken from the best
estimates by Yoshida et al. [2004]. Table 2 summarizes the
annual emissions and the sinks. We briefly describe here the

tht, Tahiti; hwi, Hawaii; ep, eastern Pacific; tas,
af, southern Africa; gm, Guam; sw, southwest; jp,

sources and sinks. More detailed discussion can be found in
the previous work [Yoshida et al., 2004, and references
therein].

[12] We distribute the biogenic source of 2900 Gg yr~ to
all vegetated areas between 30°N and 30°S with a flat
aseasonal emission rate [Yoshida et al., 2004]. We compute
biomass-burning CH;Cl emissions using a CH;Cl/CO mo-
lar emission ratio [Lobert et al., 1999] with the 7-year mean
of the GEOS-Chem biomass and biofuel burning CO
emissions between 1991 and 2001 [Duncan et al., 2003;
Heald et al., 2003]. The resulting annual total biomass-
burning CH;Cl emission is about 610 Gg yr~ !, which is at
the lower limit calculated by Lobert et al. [1999].

[13] The oceanic CH;Cl emissions and sinks are calculated
using the National Oceanic and Atmospheric Administration
Climate Monitoring and Diagnostics Laboratory (NOAA-
CMDL) empirical relationship between saturation and sea
surface temperature (SST) and CH;Cl saturation anomaly
[Khalil et al., 1999] with monthly climatological wind speed
distributions. Oceanic sink is scaled so that the net oceanic
flux is to be ~350 Gg yr~ ' [Yoshida et al., 2004].

[14] The tropospheric OH field is taken from the GEOS-
Chem full chemistry simulation by Martin et al. [2003] and
the stratospheric OH field is taken from a 2-D stratosphere/
mesosphere model [Schneider et al., 2000]. Chemical loss of
CH;Cl via OH oxidation is calculated using reaction rate
constant reported by Sander et al. [2003]. The a priori total
CH;Cl loss by reaction with OH is about 3990 Gg yr~'. The
estimated soil sink of 256 Gg yr ' [Keene et al., 1999; Khalil
and Rasmussen, 1999] is distributed on the basis of the work
by Shorter et al. [1995] for growing seasons.

2.3. Inverse Model
2.3.1. Inversion Methods

[15] A Bayesian least squares method is applied in order
to optimize the a priori source strengths and seasonality
using the observed atmospheric CH3Cl concentrations. The
observation vector y of CH3Cl measurements can be

1

3of 14



YOSHIDA ET AL.: INVERSION OF GLOBAL CH;Cl D16307

D16307

‘le661] v 12 S%EQQQV\_
‘[6661] 10 12 2usay pue [6661] uassnusy puv vy,
‘66611 v 12 421104
‘Toooz] v 12 mayy,
‘l6661] 17 12 yo01MDM7,
‘66611 v 12 1170y,
‘66611 v 12 112G07,
‘[1002] v 12 H0)dDL-207
‘[vooc] v 12 vprysog,

YL6E 9Ly €LY 906¢ L6ty uls [e10L

S8¢ 8¥8¢ S8¢ {00S€ 2C06E juis HO
9¢ 001 LL €8 00T 6L1 S8 001 1414 ¢95¢ ¢95¢ uis [0S
9¢ 001 St IS pOL 88 0s pOL ¥6 pOST peOV 1 Uls UB3asQ

YL6E 9Ly €LY STsy L6EY S0In0S 1e)0L
9¢ 001 4! €9 001 6¢ 86 001 Iy 38 387 SPUB[IOM
9¢ 001 s €9 001 €01 16 001 96 JOLT JOLT SoysIew Jjeg
9¢ 001 6 €9 001 86 99 208 6Cl 2091 2091 Ansnpui/uoyesdurouf
IS 0L 908 [49 p0L Y8 6F p0L 09L pS08 peL0S U0

945 8¢CS €LS 016 2019 [e10L
9 0L 8v1 89 0L ST 69 0L 811 oelCl SUOseas 1910 HS Sutuing sseworg
9 0L 911 99 0L STI $9 0L STI 2086 Sunds S Suruing sseworg
19 0L [ ¥9 0L 091 L9 0L L6l o SUOsE?s 1ay10 HN Surung sseworg
89 0L 611 £9 0L 8€l 19 0L vl sreltl Sunds HN  Supung ssewolg

60S¢ PEST SLST q0EPC +006¢ [8303 [8QO[D

144! 1s€l L8ET e8EST [e30) HS
6¢ 001 (1143 (V4 001 65¢ v8 001 1433 e0LE Jowuuns HS oruagorg
[43 001 S6¢ 33 001 (44 09 001 0ty €8¢ Suuds HS orue3org
[44 001 LTl LY 001 L8 S8 001 1474 «88¢ Iojum HS otuagorg
[43 001 66¢ 99 001 I8¢ 68 001 65¢ 88€ e} HS oruagorg

89¢1 €811 8811 2C9€1 [e10) HN
(V% 001 1 (V4 001 8¢l ¥8 001 6l 9€¢ Rouim HN otuagorg
8¢ 001 [0i% Sv 001 LOY €L 001 993 0P€ 118} HN orsdorg
99 001 66¢ 9¢ 001 6LT 06 001 66¢ eEVE Jowuns HN otuagorg
8¢ 001 90v 19 001 6S¢ 16 001 we eEVE Suuds HN oruagorg

% ‘Aurepooun) 9, ‘Ayurepooun | IL 8D xnp % ‘Kurepeoun 9 ‘Aurepoouny | IK 8D xnf % ‘Aureneoun % ‘Qurepsoun | IK 5D Xn[f o0uerfy | IL 8D xnpf uosea§ pue
1101191S0J oy v LIOLRISOJ ¥ HIOLIRISOJ v uoud v 1I0LI9)SOJ ¥ LIOLIdISOd v oud v LI0LI9)S0J oy v droydsiuoy

s1ojoweIed ]

s10)oweIed 9]

s1o)oWeIRd 6¢

SOIUILLIOOU() JIOY] PUE SYUIS Pue saoInos [DEHD °T dIqeL

4 of 14



D16307

YOSHIDA ET AL.: INVERSION OF GLOBAL CH;Cl

Table 3. Model Parameters in the State Vector

Region

Season (Months)

39 Parameters

16 Parameters®

11 Parameters®

Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biogenic
Biomass burning
Biomass burning
Biomass burning
Biomass burning
Biomass burning
Biomass burning
Biomass burning
Biomass burning
Ocean emission

Incineration/industrial

Salt marshes
Wetlands
Ocean sink
NH soil sink
SH soil sink

North America
North America
North America
North America
South America
South America
South America
South America
North Africa
North Africa
North Africa
North Africa
South Africa
South Africa
South Africa
South Africa
Asia
Asia
Asia
Asia
Oceania
Oceania
Oceania
Oceania

spring (3—5) 1 1 1
summer (6—8) 2 2 2
fall (9—-11) 3 3 1
winter (12,1,2) 4 4 3
fall (3-5) 5 5 4
winter (6—8) 6 6 5
spring (9—-11) 7 7 4
summer (12,1,2) 8 8 6
spring (3—5) 9 1 1
summer (6—8) 10 2 2
fall (9—-11) 11 3 1
winter (12,1,2) 12 4 3
fall (3-5) 13 5 4
winter (6—8) 14 6 5
spring (9—-11) 15 7 4
summer (12,1,2) 16 8 6
spring (3—5) 17 1 1
summer (6—8) 18 2 2
fall (9—-11) 19 3 1
winter (12,1,2) 20 4 3
fall (3-5) 21 5 4
winter (6—28) 22 6 5
spring (9-11) 23 7 4
summer (12,1,2) 24 8 6
spring (3-5) 25 9 7
summer (6—8) 26 10 8
fall (9—-11) 27 10 8
winter (12,1,2) 28 10 8
fall 3-5) 29 11 9
winter (6—8) 30 11 9
spring (9-11) 31 12 9
summer (12,1,2) 32 11 9
33 13 10

34 14 11

35 14 11

36 14 11

37 15 11

38 16 11

39 16 11

“In the 16- and 11-parameter cases, parameters with the same number indicate that they are lumped as a single parameter.

D16307

explained by the state vector x of source/sink model
parameters by the following equation:

y=Kx+ey, (1)

where K is the Jacobian matrix, which relates the source
parameters to the concentrations, and ey is the total
observational error, which includes measurement error,
representation error, and forward model error. The optimal
solution for the state vector (X) and the a posteriori error
covariance matrix (S) are

% = x, + S.K"(KSK" +85) ' (y — Kx,) (2)

S=(K'sg'K+8;")", (3)

where x, is the a priori parameter state vector, S, is the a
priori parameter error covariance matrix, and Sy is the
observation error covariance matrix [Rodgers, 2000].
Detailed explanation of Sy is in section 2.3.3.

[16] We apply equations (2) and (3) to the data set that
contain both station and aircraft observations described in

section 2.1. In the sensitivity analysis, we also apply station
and aircraft data separately in the inversion.
2.3.2. Selection of the State Vector

[17] Ideally, we wish to constrain the geographical and
seasonal distributions of all CH;Cl sources. However, the
available measurements usually provide a limited number
of degrees of freedom. The independence of the parameters
in our state vector is assessed by inspecting the singular
values of the error-normalized Jacobian matrix [Rodgers,
2000]:

K = S;'/’Ks!/. (4)

[18] The largest a priori sources are biogenic and biomass
burning. The constraints on the biogenic sources are most
interesting because of a lack of a priori knowledge. We
therefore choose 24 emission parameters for this source
representing 4 seasons and 6 continents (north and south
Americas, north and south Africa, Asia and Oceania). We
specify 8 emission parameters for the biomass-burning
source in 4 seasons and 2 hemispheres. Adding 7 emission
parameters for other source, there are a total of 39 emission
parameters (Table 3) in our initial inversion analysis. The
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=2.4

123,456 7 8 910111213141516(1 2 3 4 56 7 8 910111213141516[1 2 3 _4.5 6 7 8 9 10111213141516

Amplitude (dimensionless)

1234 6789101112131415161234 6 7 8 910111213141516|/1 2 3 4 6 7 8 9101112131415
2078 ‘64 °'sv = 0.43

1 2 3 438 6 7 89 101112131415161 2 3 41§ 6 7 89 101112131415161 2 3 425 6 7 8 910111213 141516

12 3 4 6 7 8 9 1011
sv =024

0.5 - s r e E
1.0
1234567 8 910111213141516
1) bg_NH_sp 2)bg_NH_sm 3) bg_NH_fl
7)bg_SH_sp 8)bg_SH_sm 9)bb_NH_sp
12) bb_SH_sp 13) oc_emis 14) rest_emis

13141516/1 2 3 4 5 6 7 8 9 10111213141516 1 2 3 4 5 6 7 8 9 10111213141516

State Parameter

4) bg_NH_wn 5) bg_SH_fl 6) bg_SH_wn
10) bb_NH_other 11) bb_SH_other

15) oc_sink 16) sl_sink

Figure 2. Singular vectors of the prewhitened Jacobian matrix K for the 16-parameter case. Here, “bg,”

usl”

“bb,” ““oc,” and
fall, and winter are denoted by “sp,” “sm

degree of freedom defined by singular values >1 of the
Jacobian matrix is 10; clearly indicating that current avail-
able observations do not provide enough constraints on all
estimates of emission parameters.

[19] Following the approach by Heald et al. [2004], we
then reduce the number of emissions parameters largely by
aggregating the continental biogenic emissions to hemi-
spheric ones. The benefit of the approach is that we obtain
physically meaningful results compared to the vector map-
ping method by Rodgers [2000]. However, the approach
also makes an implicit assumption that the lumped
sources have predetermined distributions. The resulting
16 parameters are listed in Table 3. The analysis serves
two purposes. First, we will investigate the effect of
reducing the number of parameters on the inversion results.
Second, we examine the singular vectors of K (Figure 2) in
order to combine highly correlated emission parameters
together. The final 11 emission parameters are listed in

denote biogenic, biomass burning, ocean, and soil, respectively. Spring, summer,
,7 “f,” and “wn,” respectively.

Table 3. The degree of freedom in the inversion is 10. In
order to check the quality of our inversion results, also
examine the averaging kernel matrix [Rodgers, 2000]:

A =GK, (5)

where G = S,K"(KS,K" + S5)"".
2.3.3. Error Estimation

[20] A priori parameter errors are listed in Table 2. We
assume that the emission errors are uncorrelated. Lobert et
al. [1999] suggested an uncertainty of about 30% for
biomass-burning CH3Cl emissions. It is relatively low
because only the uncertainty in the CH;Cl/CO molar
emission ratio is accounted for. We include the 50%
uncertainty for the biomass-burning emissions of CO
[Palmer et al., 2003] and calculate an uncertainty of 70%
for the biomass-burning emissions. We assign an uncertainty
of 70% to oceanic flux [Khalil et al., 1999]. The uncertainty
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for incineration/industrial source is about 80% [McCulloch
et al., 1999]. We assign 100% of uncertainty to the salt
marsh and wetland sources. For the aggregated parameter of
the minor sources of incineration/industrial, salt marshes,
wetlands and oceanic sink, we use an uncertainty of 100%
in the 16- and 11-parameter cases. Direct estimates for the a
priori biogenic emissions are unavailable. However, the
total source of CH3Cl is constrained relatively well by its
main sink, the OH oxidation. Further considering the
uncertainties of other better known sources, we assign an
uncertainty of 100% to the biogenic source.

[21] The observational error covariance Sy; in equation (2)
is the sum of the covariance matrices of individual error
types including the measurement errors, the representation
error, and the forward model error. These errors are assumed
to be uncorrelated. The measurement error is relatively
small (~1%). The representation error is calculated as the
standard deviation of the observations for each data grid.
The forward model error includes the transport error esti-
mated using the relative residual error (RRE) method by
Palmer et al. [2003], the 7-year interannual variability of
modeled CH;Cl calculated by Yoshida et al. [2004], and the
errors associated with the OH field (14%) [Prinn et al.,
2001] and OH + CH3Cl kinetics (15%) [Sander et al.,
2003]. The total observational error is calculated as the
product of square root mean of relative error of each error
types and the observation value of CH3Cl; and the mean
observational error is about 21%.

3. Results

[22] Through inversion, we evaluate the constraints on
the estimates of distributions and seasonal variations of
CH;Cl sources and sinks provided by surface and aircraft
observations. We first investigate the effects of the state
vector size on the inversion results. The state vectors in the
three inversion cases (section 2.3.2) have 39, 16, and
11 parameters, respectively. The averaging kernels (rows
of A in equation (5)) show clear peaks at the appropriate
level for 16- and 11-parameter cases, indicating those
parameters are independent. Parameters lacking with a
significant peak such as biomass burning have large a
posteriori error in consequence.

3.1. Sensitivity to State Vector Size

3.1.1. Monthly Flux

[23] The a priori and a posteriori monthly CH;3CI fluxes
are shown in Figure 3. The annual total of each source/sink
is listed in Table 2. The a posteriori fluxes are generally
consistent despite the large difference in the state vector
size. The more apparent effect of the state vector size is on
the uncertainties of the a posteriori emissions. It is partic-
ularly large for the biogenic source. The a posteriori
uncertainties decrease from 60—90% for 39 parameters to
35-60% for 16 parameters, and further to 32—40% for
11 parameters. The uncertainty decrease is expected as the
number of parameters approaches to the degree of freedom
in inversion. The a posteriori uncertainties for the other
sources also decrease with the parameter number but not to
the extent of the biogenic sources.

[24] The a posteriori biogenic sources show a clear winter
minimum. The Northern Hemisphere (NH) decrease is 50—
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60% from spring/fall. The seasonal decrease of 40—70%
from spring/fall is more variable in the Southern Hemi-
sphere. The lower end is estimated with 39 parameters with
a relatively large uncertainty. The emissions in summer are
also lower by 20-30% than spring/fall. Considering the a
posteriori uncertainties of >40%, it is not as statistically
significant as the winter minimum.

[25] The a posteriori changes in the biomass-burning
sources are subtler particularly in light of the a posteriori
uncertainties. A general feature emerged from the 3 inver-
sion cases is that the a priori NH biomass-burning source in
the nonburning seasons (other than spring) is too high by
30%. As a result, the a posteriori biomass-burning source is
lower and the NH to Southern Hemisphere (SH) emission
ratio decreases from 1.7 to 1.1 (in the 11-parameter case).

[26] The a posteriori oceanic source increases by 60% to
~800 Tg yr~ . The a posteriori error is, however, as large as
around 50%, which could be due to limited observations
over the tropical/subtropical oceanic emission regions. The
observational constraints on the other sources/sinks, which
are relatively small in magnitude, are not very good. What is
clear is the decreasing trend in the a posteriori results. The
largest decrease is found in the 11-parameter case, the a
posteriori sources/sinks are ~1/3 of the a priori values.

[27] In the following sections, we examine the effects of a
posteriori sources on the distributions of CH3CI. We first
compare model simulations with surface measurements and
then with aircraft measurements. The measurement sites and
regions are shown in Figure 1.

3.1.2. Evaluation With Surface Measurements

[28] Seasonal variations of observed and simulated
CHj;Cl at seven surface sites are shown in Figure 4. There
is no significant difference among the inversion results with
the three different parameter sizes. In the NH, the a priori
model overestimates the observations at the middle and high
latitudes through the year except in spring. In the a
posteriori model, those positive biases are corrected mostly
because of the decrease of the biogenic CH3Cl emissions
during winter. The a posteriori results, however, tend to
underestimate at the NH sites in spring and early summer.
These negative biases appear to be driven in part by the
need to correct the a priori (positive) bias in the comparison
to aircraft measurements. The a posteriori model improves
significantly in the NH winter, reproducing better the
observed seasonal minima. In the SH, the a posteriori model
corrects the significant a priori positive bias at the three sites
from June to November mainly because of the decrease of
biogenic emissions during SH winter (June—August). How-
ever, the a posteriori model overestimates the seasonal
variation at the SH sites.

[20] Figure 5 shows the annual and seasonal latitudinal
distributions at these sites. The annual-mean latitudinal
distribution is symmetric because the major sources of
CH;CI are located in the tropics. These two features,
symmetric distribution and major tropical sources, provide
a useful constraint on the ratio of the NH to SH mean OH is
within 20% of 1:1 [Yoshida et al., 2004]. The seasonal mean
CH;Cl mixing ratios are high in the NH between December
and May, reflecting lower OH concentrations in winter and
the relatively long lifetime of >1 year. The a posteriori
model corrects the a priori high biases in June—August in
the SH, December—February in the NH, and most signifi-
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