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1 In tro duction

The accuratetemporal and spatial quanti¯cation of
sourcesand sinksof radiativ ely or chemically active
atmospheric trace gases,constitutes a considerable
scienti¯c challenge. However, this quanti¯cation is
neededfor two purposes. Firstly , it provides crit-
ical data for the evaluation of process-basedprog-
nostic models, which are usedto predict the evolu-
tion of the atmosphericcomposition as functions of
anthrop ogenicimpacts and environmental changes.
Secondly, in the context of international negotia-
tions to curb the emissionsof greenhousegases,an
accuratequanti¯cation is indispensableto verify re-
duction targets claimed by individual nations or
groups of nations.

One approach to this problem involves the ex-
trap olation of local ° ux measurements using ge-
ographically referenceddatabasesof properties of
the surface(e.g. vegetation cover, topography, soil
properties etc.) in conjunction with climatic vari-
ables (e.g. temperature, precipitation, insolation
etc.) and databases of anthrop ogenic activities
(statistics of land-use, energy consumption, popu-
lation, agricultural practices etc.). As sourcesand
sinks of trace gasesare also re°ected in the spatial
distribution and temporal variation of their atmo-
spheric mixing ratio, an alternativ e approach con-
sistsof inverting atmosphericmixing ratio measure-
ments into a spatial and temporal distribution of
the trace gas sources. In order to do this, the at-
mospherictransport from the sourceregionsto the
observation sites has to be described using simula-
tion models of atmospheric transport.
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During recent decadesseveral global networks of
monitoring stations have been developed, e.g. by
the Climate Monitoring and Diagnostics Labora-
tory of the U.S. National Oceanicand Atmospheric
Administration (NOAA/CMDL), by the Scripps
Institution of Oceanography, La Jolla, California,
and by the CSIRO of Australia, which monitor rou-
tinely the composition of the atmospherewith in-
creasing accuracy and temporal and spatial reso-
lution. Thesenetworks are being supplemented by
measurements from airplanes,shipsand buoys, and
by data from satellite-basedremote sensinginstru-
ments.

The inferenceof the distributions of sourcesand
sinks and their temporal variations in a consistent
way from all the observations in conjunction with
a model of atmospheric transport constitutes an
inverse problem of considerable complexity. Ul-
timately , it requires the design and implementa-
tion of a global observingsystemin which a model
of the surface sourcesis optimized in a consistent
way by the di®erent observations, including atmo-
spheric concentrations, isotopic composition, sur-
face features observed from satellites. In many re-
spects such a system may be designedsimilar to
the systemsthat are currently usedin the assimila-
tion of meteorologicalobservations in weather fore-
casting. The main di®erenceis that the aim in
meteorologicaldata assimilation is to ¯nd more re-
alistic, dynamically consistent ¯elds of the di®erent
meteorological variables to de¯ne the initial state
of the atmosphere from which a forecast is subse-
quently computed. Contrary , an observing system
for the trace gaseswould be designedto optimize
the surfacesourceswhich constitute boundary con-
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ditions. However, the mathematical optimization
procedures to be used in such a system are sim-
ilar. At present such monitoring systems for the
trace gasesare not in place. This is mainly caused
by three reasons: (i) the interest in atmospheric
trace gasesis rather recent; (ii) techniques of ac-
curate measurements on a routine basis have only
recently becomefeasible;and the existing monitor-
ing networks are thereforemuch lessdensethan the
networks of the meteorologicalagencies.

In spite of these problems there are many pilot
studies, in which global and regional scalesources
and sinksof atmospherictrace gaseshave beenesti-
mated from a limited number of observational data
using a variety of inverseapproaches. Most of these
attempts, however, have been restricted to long-
lived trace gases(i.e. gaseswith life times longer
than onemonth), trace gasesfor which atmospheric
chemical transformations or removal processesare
either absent or relatively well understood. Exam-
ples of such gasesinclude carbon dioxide (CO2),
methane (CH4), nitrous oxide (N2O), halocarbons,
and carbon monoxide (CO). The main reasonfor
this restriction is that the mathematical inverse
problem of these gasesis either linear or may be
linearized. Short-lived reactive speciessuch asNOx

have not received much attention so far because
their atmospheric chemistry is too nonlinear and
dependson too many other coupledspeciesto make
the problem manageable. However, highly non-
linear caseshave been addressedin related ¯elds,
such as inversions of oceanic biogeochemical pro-
cesses(e.g. seethe proceedingsof the \W orkshop
on InverseMethods in Global Biogeochemical Cy-
cles,held in Heraklion, Greece,March 18{20, 1998;
to be published as AGU monograph in 19991).

The present review is limited primarily to global
approaches. At the end we brie° y addressthe ex-
tension to the regional problem, where the term
`regional' is de¯ned as the sizeof a continent such
as Europe or larger.

Someimportant di±culties of the inversionprob-
lem include:

1. Current atmospheric transport modelsare not
perfect.

2. The observational network is very sparse, i.e
there are only a small number of monitoring

1http://www.mpimet.mpg.de/gbc/heraklion/

stations. Furthermore at some stations the
sampling frequency is low, and there are often
temporal gaps in the observations.

3. Technically, the `inversion' of the atmospheric
transport model is not trivial and requires
much larger computing resourcesthan running
the model in the forward mode.

4. Individual measurements are often not repre-
sentativ e of the appropriate temporal and spa-
tial scaleof the transport model.

5. Individual observations are of limited accuracy
and precision and observations from di®erent
monitoring networks are often not easily com-
parable becauseof di®erencesin measurement
techniques and usesof di®erent standards.

Section 2 addressesthe problem of modeling at-
mospheric transport. In section 3 we discuss the
mathematical and technical di±culties of the in-
version problem. Section 4 describes the results of
two casestudies to demonstrate the current state-
of-the-art, followed by a brief overview of recently
proposed strategies to address the regional prob-
lem with considerably higher temporal and spatial
resolution.

2 A tmospheric transp ort

2.1 The contin uit y equation

The link between sourcesand sinks of a trace gas
and its mixing ratio for a speci¯c location and
time period is provided by atmospheric transport.
In mathematical terms we have a two- or three-
dimensional, time dependent ¯eld Q(x; t; Â) de-
scribing the sourcesand sinks of the trace gascon-
sidered. Generally the sourcemay also depend on
the mixing ratio of the gasitself and, in chemically
more complex cases,on the mixing ratios of other
coupled constituents. The atmospheric transport
translates the source ¯eld Q(x; t; Â) into a three-
dimensional, time dependent ¯eld of mixing ratios
Â(x; t). The sourcesand the mixing ratios are re-
lated by the continuit y equation

@
@t

½Â+ r ¢v½Â= Q(x; t; Â) (1)
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where ½ is the air density and v the wind vec-
tor, both, of course,also three dimensional, time-
varying quantities.

If trace gas emissionand uptake are linearly re-
lated to the mixing ratio of the trace gas then the
continuit y equation is also linear. In the caseof the
long lived trace gasesthis is usually correct, or a
linear expansionaround a mean background state
(e.g. in the caseof methane, [Hein et al., 1996]) is
a good approximation. In this casethe continuit y
equation can be written as

@
@t

½Â+ r ¢v½Â¡ k(x; t)Â = Q(x; t) (2)

k(x; t) describes a ¯rst order reaction expressed
with the spatially and temporally varying reaction
constant.

The solution of equation (2) for the atmospheric
mixing ratio Â(x; t) given trace gassources,Q(x; t),
and reaction coe±cients, k(x; t), for a ¯nite time
interval requires the speci¯cation of an initial mix-
ing ratio ¯eld Â(x; 0) and boundary conditions at
the borders of the spatial computing domain. For
example, in the caseof a global model for the tro-
pospheresuitable boundary conditions, e.g. pre-
scribed trace gas sourcesor mixing ratios have to
be speci¯ed at the trop opauseand the Earth's sur-
face.

In practice the continuit y equation has to be
solved numerically in discretized form (seesection
2.2 below). Computing the spatio-temporal distri-
bution of the mixing ratio Â(x; t) from prescribed
sourcesand sinks constitutes a forward model run.
In the linear casethis may be written formally as
a matrix equation

~mj = ~T ¢~qj (3)

where the column vector of the mixing ratios ~mj
includes all model grid points in space and time
of the simulation, and likewise the column vector
of source values ~qj includes all grid points of the
sourcein spaceand time. It alsoincludesany initial
and boundary condition terms. The matrix ~T rep-
resents the transport model code. The tilde symbol
\ ~" denotesquantities on the full temporal and spa-
tially discrete resolution of the transport model.

In most casesa reduced problem is of interest:
We are not interested in the mixing ratio ¯eld on
the full model resolution at every time step of the

model, but in time averaged mixing ratios (e.g.
weekly, monthly or annual means)at a ¯nite num-
ber of observation locations. Also the sourcesof
interest are often time averagedquantities, possi-
bly also averaged over larger spatial domains. If
the averaging operations both in the spaceof ob-
servations and of sourcesare linear, wehavea linear
\mo del equation" similar to (3):

m j = T ¢qj (4)

Here, the elements of m j represent the observations
(in time and space),and the elements of qj are the
\source components" (in time and space)which in-
clude the (possibly spatially and temporally aver-
aged) initial and boundary conditions. The ele-
ments of the matrix T may be interpreted as the
sensitivities of the observables with respect to the
sourcecomponents. For example, the element Ti;j

denotes the derivative of the mixing ratio at the
time-space location i with respect to the source
component j 2.

2.2 Mo dels of atmospheric transp ort

Numerical models of atmospheric transport solve
the continuit y equation for a passive atmospheric
trace constituent on a discrete model grid. Typical
spatial resolutions in present-day global modelsare
on the order of a few degreeslatitude and longi-
tude and 10 to 30 layers in the vertical dimension.
Likewisethe temporal dimension is alsodiscretized
with time stepsranging from a few tens of minutes
to a few hours.

Atmospheric transport can be computed \on-
line" as part of an atmospheric general circula-
tion model which provides the meteorology (wind-
speeds, air properties, subgrid scale transport
through clouds, convection or di®usion) [Erickson
et al., 1996]. Alternativ ely, the transport may be
calculated \o®-line" by reading the meteorologi-
cal ¯elds from stored output of a general circula-
tion model simulation or from analyzed ¯elds of
a weather forecast model. In the latter casesub-
grid scale transport (see below) has to be recom-
puted in the transport model, which constitutes a
non-trivial task (e.g. seeHeimann [1995]). By us-
ing archived analysesfrom weather forecast mod-

2Formally , the matrix T is closely related to the Green's
function of the reduced problem.
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els, the o®-line approach has the advantage that
the \real" meteorology is used in the simulations,
i.e. the model describesthe actual atmosphericcir-
culation ¯elds prevailing during the particular time
period when the measurements were obtained. In
contrast, the on-line general circulation model ap-
proach yields simulation results that can only be
comparedto the observations in a statistical sense,
e.g. as monthly or annual means.

The models typically split the transport into two
main components: \adv ection", i.e. the transport
resolved on the model grid, and subgrid scaletrans-
port which includes the e®ectsof all processeson
temporal and spatial scales not resolved on the
model grid (e.g. transport through cumulus clouds,
thermal convection, di®usion or boundary layer
mixing).

Formally this can be written as

@
@t

¹½¹Â + r ¢¹v ¹½¹Â + CON VEC( ¹Â) = ¹Q(x; t; Â) (5)

where the overbars indicate quantities averaged
over the model grid. The second term on the
left represents the resolved \adv ection", while
CON VEC denotesthe subgridscaletransport pro-
cesses.

2.2.1 Adv ection

Many numerical schemeshave been developed in
the past for the numerical solution of the part of
equation (5) which denotesthe grid resolved trans-
port. Important properties of numerical advection
schemesare accuracy, linearit y, massconservation,
small numerical di®usion,computational e±ciency,
and positive de¯niteness. A review of someof the
more commonly used Eulerian numerical schemes
has beengiven by Rood et al., [1987]. Examplesof
more advancedtechniquesare discussedby Speeet
al., [1997]and Spee[1998].

Spectral techniques,which usedto be popular in
the atmospheric generalcirculation modeling com-
munit y, expand the tracer mixing ratio ¯eld into
spherical harmonics. This approach is not very
well suited for tracer transport becausethe spec-
tral transformation may generatenegative concen-
trations.

There exist alsolagrangian schemes,in which the
atmosphereis represented by a seriesof discreteair

parcels,each containing an amount of tracer in ac-
cordancewith the local tracer mixing ratio. These
parcels are moved around the atmosphere by the
speci¯ed wind velocity and keeptheir identit y over
the entire length of the model integration time pe-
riod [e.g. Penner et al., 1991]. Lagrangian schemes
have much lessnumerical di®usionas comparedto
Eulerian techniques. However, it is di±cult to ad-
equately represent subgrid scale mixing processes
in such a scheme. Furthermore, becausethe par-
cel distribution tends to becomenon-uniform with
time, the schemesneed a large number of parcels
in order to represent the tracer ¯elds with a suf-
¯cient spatial resolution. This makes the schemes
in generalcomputationally expensive, except in the
situation wherethe transport of several tracers is to
be computed simultaneously, becausethe air par-
cel movement has to be computed only oncefor all
tracers.

In semi-lagrangian schemesthe tracer is trans-
ported during each time step in a lagrangian fash-
ion, i.e. attached to discreteair parcels. After each
time step the three-dimensionaltracer mixing ratio
¯elds are reconstructed by interpolation from the
parcels to the regular model grid. This interpola-
tion tends to haveproblemswith massconservation
[Rasch and Williamson, 1990].

Despite the di®erent numerical techniques em-
ployed in present day atmospheric transport mod-
els the advection is not consideredto be the most
critical component in needof improvement.

2.2.2 Subgrid scale transp ort pro cesses

In the courseof the discretization of the basic con-
tinuit y equation on the model grid the e®ectsof all
transport processeson smaller spatial and tempo-
ral scalesmust be described (\parameterized") as
functions of the values of the meteorological vari-
ableson the resolved scale. Someof theseprocesses
include vertical transport through cumulus clouds
(\w et convection"), thermally driven dry convec-
tion, turbulent di®usionand vertical mixing in the
surfaceand boundary layers. A comparisonof sev-
eral vertical subgrid scaletransport parameteriza-
tions can be found in Mahowald et al., [1995].

Parameterizations for these processesalso exist
in atmospheric general circulation models and in
weather forecast models. In principle these could
be transferred to the transport models. However,
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except for water vapor, the transported quantities
(energy, momentum) have di®erent properties as
comparedto trace gases(sourcedistributions, life-
times) making such a transfer non-trivial.

A very critical subgrid scaletransport processis
boundary layer mixing over the continents. Most
atmospheric observations are being taken close to
the surface in the planetary boundary layer, and
most of the long-lived trace gas sourcesare at the
earth's surface. The height of the layer, into which
the trace gasis emitted, and the exchangeprocesses
with the overlaying free trop ospherecritically de-
termine the simulated mixing ratio in this layer.

In the case of a trace gas with strong diurnal
and seasonalsources,such asCO2, systematic tem-
poral changesof the transport (e.g. height of the
boundary layer during day and night and also dur-
ing the di®erent seasonsof the year) are responsible
for \recti¯er e®ects", i.e. spatial structures in the
meanannual mixing ratio ¯eld even if the trace gas
source on annual average were balanced at every
grid point to zero. These structures arise because
of the temporal covariance betweensourceand at-
mospheric transport [Keeling et al., 1989,Denning
et al., 1995,Denning et al., 1998,Law et al., 1996,
Rayner and Law, 1996]. Hence, observed spatial
structures in the mean annual mixing ratio ¯elds
re°ect a combination of true sourcesand sinks and
of the \recti¯er e®ects". Becauseof this an accu-
rate representation of the \recti¯er e®ect"in the at-
mospheric transport model is an indispensablene-
cessity. Unfortunately , there is at present no way
to independently verify the simulated recti¯er ef-
fect, which, at least for CO2, constitutes a serious
limitation in current inversion studies.

2.3 Validation of atmospheric trans-
port mo dels

An assessment of the realism of present atmo-
spherictransport modelsis beyond the scopeof this
review.

A critical quantit y of global atmospheric trans-
port models is their portrayal of the meridional
interhemispheric transport. This property can be
validated by meansof simulations with trace gases
of known surface sources, such as the radioac-
tiv e Krypton-85 [Jacob et al., 1987, Heimann and
Keeling, 1989], CFC-11 [Prather et al., 1987] or
Sulfurhexa°uaride (SF6) [Levin and Hessheimer,

1996]. A consistent intercomparison of global
atmospheric transport models with SF6 has re-
cently been undertaken within the phase2 of the
TRANSCOM project [Denning et al., 1998].

As discussedabove, at present there is no method
available to validate the simulated \recti¯er e®ect".
The way the di®erent models simulate this e®ect
has been explored in phase1 of the TRANSCOM
project [Rayner and Law, 1995,Law et al., 1996].

3 Metho dological aspects of
the inversion problem

3.1 The mathematical problem

The inverseproblem consistsof inverting equation
(4) to ¯nd a solution for the sourcecomponents qj.
The structure of (4) shows that this involves two
tasks: First, the matrix T has to be computed and
second,the linear equation systemhas to be solved
for the unknown sourcecomponents.

Depending on the number of observablesand the
number of sourcecomponents, the matrix T may
be very large, henceits computation may be very
expensive. But also the solution of equation (4)
for the source components is not trivial. Typi-
cally there are only a limited number of observa-
tions in spaceand time. On the global scale,cur-
rently most of the gasesunder consideration are
monitored at lessthan 10 stations continuously or
quasi-continuously and at lessthan a few hundred
stations with a sampling frequency of lessthan 1-
2 observations every week. For someof the gases
(e.g. CO) remote sensingobservations from space
craft are available, but these typically are of lim-
ited accuracyand may include only the vertical in-
tegral. On the other hand, most source and sink
processesare strongly heterogeneousin spaceand
time. To represent this heterogeneity adequately,
one is tempted to choosea high resolution in the
spaceof source components, hence the matrix T
becomesrectangular with a much larger number
of columns than of rows. In this casethe source
inferenceproblem is highly underdetermined. But
even if one restricts the number of sourcecompo-
nents to a smaller number than the observations,
the equation systemmight still be \ill-conditioned"
becauseof the di®usive nature of the atmospheric
transport. Hence additional restrictions (simpli¯-
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cations, assumptions, `a priori ' information from
other data sources)are neededin order to make the
problem mathematically well conditioned. Someof
theseare discussedin the subsectionsbelow.

3.2 Reducing the spatial resolution

A reduction of the spatial resolution is obtained by
dividing the globe up into only a small number of
regions(t ypically 10{100). The surfacesourcesfor
each of these regions are then prescribed in their
spatial and temporal pattern, whereastheir overall
magnitude is left as an unknown scaling parame-
ter to be determined in the inversionprocedure. In
the caseof a high-resolution, computationally ex-
pensive atmospheric transport model, this is the
only way to make the determination of the matrix
T manageable.

In this casethe matrix T can be determined by
brute force: The atmospherictransport model code
is run for each of the sourceregionsseparately. T is
then obtained by recording the contributions from
the di®erent sourcecomponents at the observation
sites. In this \synthesis inversion" the source re-
gionsmay be speci¯ed asa simple geometricbreak-
down of the globe, such as the sourcesin latitudi-
nal bands. This approach has been applied e.g.
by Brown [1993, 1995] to deduce the sourcesof
methane on latitudinal bands.

A slightly di®erent variant of the \synthesis in-
version" consists of decomposing the source ¯eld
into several, possibly spatially overlapping com-
ponents that represent di®erent source processes.
This has been applied e.g. in the caseof methane
by Hein et al. [1996]. Here the di®erent sourceand
sink processesof CH4 are speci¯ed by their global
spatial and temporal patterns (e.g. emissionsfrom
peats and bogs, from coal mining, oil or gas pro-
duction, waste disposal, rice paddies, cattle etc.).
For CO2 this approach has beenchosenby Enting
et al. [1995], Bousquet [1997], and Rayner et al.
[1998].

The \synthesis inversion" approach typically
yields a relatively stable inversion(possiblyeven an
overdetermined equation system), since the num-
ber of source components in most casesis chosen
to be lessthan the number of observations. How-
ever, the useof prede¯ned \rigid" spatio-temporal
sourcepatterns strongly in° uencesthe resulting so-
lution.

3.3 Simpli¯cations in the temp oral
domain

The atmospherehas a limited \memory". An im-
pulse input of a conservative tracer releasedat a
speci¯c location and time eventually becomesho-
mogeneouslymixed. The longest mixing time de-
¯nes a time horizon, beyond which any source or
sink contributes only to the global background mix-
ing ratio of the tracer. Within the trop osphere,e-
folding times for the decay of pulse input are on
the order of up to 1 year [Weisset al., 1983]. Mix-
ing times into the stratosphere,however, are much
longer. Hence, for a trop ospheric tracer, a conser-
vative value for the time horizon is 3 to 4 years
[Heimann and Keeling, 1989]. For example for the
simulation of a transient trop ospheric tracer, such
as the halocarbons during the 1980's, the history
of the F11 sourcesprior to 1977 is irrelevant, only
their cumulativ e global integral determines the at-
mospheric background F11 mixing ratio [Bloom-
¯eld et al., 1994].

This implies that the elements in the sensitiv-
it y matrix T which refer to sourcesmore than 4
yearsprior to the time of the observation are given
simply by the increment in the globally averaged
mixing ratio per unit input of the tracer. Hence
the atmospheric transport model must be run for
only 4 years for each of the sourcecomponents in
order to determine the sensitivity matrix T.

A further simpli¯cation arises if one assumes
that the large-scaleatmospheric transport doesnot
changesigni¯cantly from year to year. Indeed, this
appears to be the caseas witnessedby a closein-
spection of the atmospheric time history of SF6,
which shows that the mixing ratio di®erencesbe-
tweenthe hemispheresremainedrelatively constant
over the last decade,whenemissionsdid not change
signi¯cantly [Maiss and Levin, 1994, Levin and
Hessheimer,1996]. In this caseone usesthe same
wind ¯elds year after year. As an additional check
onecan repeat the simulation with the meteorology
from another year [e.g. Knorr and Heimann, 1995].

Finally, an additional, considerable simpli¯ca-
tion can be achieved by addressingonly the \quasi-
stationary" problem: i.e. by assuming that all
sourcesand sinks may include a seasonality, but
are invariant from year to year. If also the trans-
port is assumedto be the same year after year,
then it is easily seenthat after an initial transient
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the atmospheric mixing ratio at any location, x, as
a function of time, t, can be expressedas an o®-
set, Â0(x), a globally uniform linear trend at and a
seasonalcycle S(x; ¿):

Â(x; t) = Â0(x) + at t + S(x; ¿) (6)

where ¿ denotes the time since the beginning of
the year. Many global inversion studies of CO2

[e.g. Enting et al., 1995] or of CH4 [e.g. Hein et
al., 1996]employed this approximation.

The extension to the interannually varying case
has beenaddressedby Bloom¯eld et al. [1994] for
CFC-11, and Rayner et al. [1998] for CO2.

3.4 Bayesian approac hes

Bayesian approaches to the inverse problem pro-
vide a meansto include a priori information on the
unknown sourcecomponents in the inversion pro-
cedure [seee.g. Tarantola, 1987]. They are based
on a formulation of the problem in terms of prob-
abilit y distributions in the joint space of sources
and concentrations. In practice these probabilit y
distributions are assumedto be Gaussian. An a
posteriori sourceestimate is derived, which is op-
timal in the sensethat it is as closeas possibleto
the prescribed a priori sources,while the resulting
simulated concentrations are ascloseaspossibleto
the observations. Thereby \close" is de¯ned rela-
tiv e to speci¯ed uncertainties in both, the observa-
tions and the a priori sourceestimates.

In an otherwise underdetermined inverse prob-
lem, the Bayesianapproach yields a unique solution
from all source con¯gurations that are consistent
with the observations. In an ill-conditioned inverse
problem the Bayesian approach limits the ampli¯-
cation of errors in the observations when inferring
sourcecombinations that are badly constrained by
the observations (seeEnting [1993]).

The necessarya priori information, i.e. the a
priori sources,may be provided by interpolating
direct ° ux measurements, or they may be obtained
from prognostic sourcemodels. In both casesquan-
tifying the uncertainties of the a priori estimatesis
crucial and should re°ect the understanding of the
underlying sourceprocesses.

Bayesian inversions have been carried out by
Enting et al. [1995], Bousquet [1997], Rayner et
al. [1998],and Kaminski [1998] for CO2 as well as

by Hein and Heimann [1994]and Hein et al. [1996]
for CH4.

3.5 Technical approac hes

In the caseof sparsenetworks, adjoint models pro-
vide an e±cient tool to compute the matrix T in
equation (4). Instead of computing the partial
derivatives Ti;j by brute force with forward trans-
port model runs for each sourcecomponent j , the
adjoint model begins at the location and time of
the observations (i ). Starting with an in¯nitesi-
mal mixing ratio deviation at the observation point
i , the adjoint model works its way backward in
time. Thereby it determinesthe necessarychanges
in the sourcecomponents at earlier time points that
would induce the in¯nitesimal mixing ratio devia-
tion at i . In this way the adjoint model essentially
propagates the sensitivity of the modeled concen-
trations from the observational sites i backwards to
the sources[Errico, 1997,Corliss and Rall 1996].

Using forward model runs to compute Ti;j the re-
quired computational resourcesare proportional to
the number of source components, and relatively
independent of the number of observations, while
for the adjoint model the required computational
resourcesare proportional to the number of obser-
vations, and relatively independent of the number
of sourcecomponents. The major di±cult y of the
adjoint approach is the time consuming construc-
tion of the adjoint model. This can be overcome,
however, by using tools for automatic generation
of adjoint code, which are being developed, e.g.
Odysee [Rostaing, 1993] or the Tangent and Ad-
joint Model Compiler (TAMC) [Giering, 1996]. Us-
ing the TAMC, Kaminski et al. (1996) developed
the adjoint of the atmospheric transport model
TM2 [Heimann, 1995], which allowed an e±cient
computation of the matrix T for an observational
network of approximately 30 stations with monthly
observations and monthly sourceson the 8 by 10
degreehorizontal model grid; i.e. a matrix for ob-
servations at 30 £ 12 = 360 time-space locations
and 12£ 24£ 36 = 10368sourcecomponents (a ma-
trix with 3.7 million elements).
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3.6 Represen tativit y of individual
measuremen ts

In most global studies performed so far, the mod-
eledmonthly meanmixing ratio is comparedto es-
timates of the monthly mean mixing ratio at the
observing sites. The mixing ratio computed by a
model is \representativ e" for the spatial and tem-
poral resolution of the model grid. On the other
hand, individual measurements at a monitoring site
in general re°ect also local transport and source
processeson ¯ner scalesthan resolvedby the model.
The comparison between observations and model
results hencerequiresconsiderablecare in order to
avoid potentially seriousbiases.

On the observational side one typically tries to
eliminate the in° uencesof local contamination by
following a data selectionprotocol designedto sam-
ple so-called\background air" under \baseline con-
ditions". This is achieved, e.g. by specifying
the time of day and other requirements (minim um
wind speed, particular wind directions, other me-
teorological conditions) under which air sampling
is performed. If possiblealso the information from
other, concurrently measuredtracers (e.g. Radon-
226 and Radon-222 [Polian et al., 1986]) can be
used. An additional elaborate data screeningis also
usedafter the sampling in order to eliminate \out-
liers" believed to represent local (\p olluted") sam-
ples before computing monthly means. In many
casesthese proceduresmay indeed yield observa-
tions that are representativ e to the simulations.
However, it is di±cult to estimate, to what ex-
tent these approaches in fact eliminate the local
unwanted sourcecontributions. The data selection
proceduresby themselves may also induce biases
becausepotentially air is sampled that re°ects a
di®erent model grid box than the one containing
the observing station.

On the other hand, a sampling strategy should
also be included in the model that mimics the pro-
ceduresemployedat the observingstations. For ex-
ample it doesnot make senseto compute monthly
averagesin the model by continuous sampling if
the model exhibits a diurnal cycle which includes
night-time inversions while the observations are
only taken in the afternoon when vertical mixing
is strongest. Unfortunately , the implementation of
adequatesamplingstrategiesin the modelsis rather
cumbersome,as it will be di®erent for each station.

A thorough demonstration of the potential bi-
asesincurred by di®erent sampling procedures in
the model and the observations has beengiven by
Ramonet and Monfray [1996].

3.7 Inhomogeneit y of sampling net-
works

In many cases,the spatial inhomogeneity of the cur-
rent observational networks is obvious. As an ex-
ample Figure 1 shows the CO2 monitoring network
maintained by the U.S. National Oceanographic
and Atmospheric Administration's Climate Mon-
itoring and Diagnostic Laboratory [Conway et al.,
1994] in which the tropics and in particular the
tropical land massesare undersampled. Also, sam-
pling of oceanicregionshas beenfavored by choice
of observational sites and by the de¯nition of base-
line conditions (see the previous section). On the
other hand, in most inversionstudiesonechoosesa
relatively small number of unknown sourcecompo-
nents (seesection 3.2). In combination with inho-
mogeneoussampling, however, a low resolution in
the spaceof sourcesis likely to yield a biasedesti-
mate of the inversion as demonstrated by Snieder
[1993]. For inverse problems in seismic tomog-
raphy, Snieder [1993] and Trampert and Snieder
[1996] demonstrate how to reduce the bias at the
cost of increasing the uncertainty. For inversion of
the global atmospheric transport and the current
global networks, the magnitude of this bias is yet
to be quanti¯ed.

3.8 Calibration problems between
di®eren t measuremen t net works

Reported observations from di®erent measurement
agenciesare often not calibrated well against each
other. This is a serious problem, because,in the
caseof long-lived species, small mixing ratio dif-
ferencesbetweendi®erent stations imply relatively
large sources,hence o®setsbetween di®erent net-
works may induce substantial biasesin the inferred
sourcedistributions.

In principle the calibration di®erencesamongthe
networks could be reducedby systematic intercom-
parisons of standards, measurement techniques,
sampling proceduresand samplehandling. Several
of such intercomparisone®ortsare currently under-
way within the di®erent trace gasspeciesmeasure-
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Figure 1: Global station network of the Climate
Monitoring and Diagnostics Laboratory of the Na-
tional Oceanic and Atmospheric Administration
[Conway et al., 1994].

ment communities. Unfortunately , these tedious
e®ortsare scienti¯cally not very rewarding and are
therefore often lacking su±cient funding support.
It must be stressed,however, that such e®ortsare
very important and should receive highest priorit y.

As an intermediate step it is also possible to
short-cut detailed intercomparison procedures by
merging the existing datasets in a way that takes
possible o®setsinto account. In the caseof CO2

such an e®ort has been undertaken by NOAA-
CMDL in the creation of the GLOBAL VIEW
dataset [Masarie and Tans, 1995]. Alternativ ely,
one can of course also use only the observations
from a singlenetwork. Or, it might alsobe possible
to include the calibration o®setbetween di®erent
networks asunknown parametersto be determined
in the inversion.

3.9 Uncertain ties

In principle, an inversion is subject to two sources
of errors: Observations are of ¯nite precision, and
models are imperfect. Clearly, these errors cause
uncertainties in the source ¯elds that are deter-
mined by the inversion. In general,the observations
are not representativ e for the spatial and tempo-
ral scaleof the model predictions. The associated
error in comparison of both quantities, which (de-
pending on how one namesthe observed quantit y)
can either be subsumedunder model error or ob-

servational error, or can be treated separately as
a representation error. Computationally , the dif-
ferenceof these errors is unimportant, since they
enter the inversion in their sum.

The formal treatment of theseerrors is in terms
of probabilit y distributions. For the sake of com-
putational convenience,usually Gaussiandistribu-
tions are assumed,and for a linearization of the
transport model, one can derive a Gaussiandistri-
bution of the source ¯eld that is consistent with
the sum of the abovementioned errors. Due to this
Gaussianassumption, the actual computations are
then manipulations of means and covariance ma-
trices. In Bayesian inversions, the a priori infor-
mation is also quanti¯ed in terms of a mean and
a covariance matrix. The inversion then derives a
posterior mean¯eld and covariancematrix. The in-
formation in the atmospheric observations then is
re°ected in a changeof this mean and a reduction
of the uncertainties.

Practically, errors in the transport model are
hard to quantify , potential approaches are either
model intercomparisons or checking against ob-
served concentrations for tracers with well known
source distributions. Usually transport model er-
rors are neglected. Similar problems complicate
explicit inclusion of the representation error. Se-
lection of observations according to their represen-
tativ eness(seesection 3.6) is an approach to mini-
mize this error.

4 Examples

In 1995 Enting et al. presented a Bayesian syn-
thesis inversion for CO2. Employing observations
of atmospheric CO2 from the global networks of
the NOAA-CMDL [Conway et al., 1994] together
with 13C=12C isotopic ratio measurements from the
CSIRO [Franceyet al., 1995], they solved the quasi
stationary problem (see section 3.3) for the mag-
nitudes of about 20 unknown source components.
Since the study by Enting et al. [1995] a number
of research groups have been re¯ning inversion in
various directions. As examples,we brie° y demon-
strate the long-term average annual mean source
° uxes of CO2 inferred in the studies of Rayner et
al. [1998]and Kaminski [1998].

By resolving the interannual variabilit y in the
sources, Rayner et al. [1998] removed the quasi
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stationary assumption. For the period from 1980
to 1995, in a Bayesiansynthesis inversion, they in-
ferred the monthly magnitudes of about 30 source
patterns from global observations of CO2, comple-
mented by one station's time seriesof the isotopic
CO2 composition and the station's linear trend in
the oxygen to nitrogen ratio. Figure 2 shows a pri-
ori and a posteriori estimates for the long term
annual mean source ¯elds. The ¯gures show only
the ° uxesof CO2 betweenthe atmosphereand the
ocean, respectively the atmosphereand the terres-
trial biosphere;the dominant anthrop ogenicsource,
i.e. the CO2 from the combustion of fossil fuels has
beensubtracted.

Keeping the quasistationary assumption, in con-
trast, Kaminski [1998] removed the simpli¯cations
in the spatial domain by meansof an adjoint ap-
proach (seesection 3.5). In principle this approach
allows the computation of adjustments to the a
priori source ¯eld resolved on the full horizontal
grid of the transport model (8± latitude by 10±

longitude). In this study observations of the at-
mospheric CO2 mixing ratio from 25 stations of
the NOAA-CMDL [Conway et al., 1994] network
for the period from 1981 to 1986 were used (i.e.
a subset of the stations shown in Figure 1). The
highly underdetermined nature of this problem ne-
cessitated a Bayesian approach (see section 3.4).
The a priori source ¯elds were obtained from en-
ergy use statistics for the fossil fuel CO2 source,
from statistics of land use change and from spa-
tially explicit carbon cycle simulation models for
the oceanand the terrestrial biosphere.

Figure 3 shows the a priori and a posteriori es-
timates for the annual meansource¯elds and their
di®erence. Overall, Figure 3b reveals a similar
structure of the non-fossil fuel CO2 source¯elds as
the a posteriori source¯eld of Rayner et al., [1998]
(Figure 2): A strong sink for CO2 in the north-
ern mid-latitudes and a smaller sink in the south-
ern hemisphereoceans.The tropical oceansand in
particular the equatorial Paci¯c re°ect regionswith
CO2-outgassing.

Despite the considerablespatial and (not shown)
temporal resolution of the source° uxes of CO2 as
inferred in the two studies, one must realize, that
the a posteriori solution is determinedconsiderably
by the a priori information. The extent to which
the atmospheric measurements and the transport
model provide additional information can be inves-

a

b

Figure 2: a): A priori long-term annual mean
source distribution as speci¯ed in the inversion
study of Rayner et al. [1998]. b): a posteriori
sourcesinferred by the inversion procedure. Num-
bers represent source ° uxes of CO2 in GtC yr ¡ 1.
Fluxes into the atmosphereare indicated by posi-
tiv e numbers.

tigated by analysis of the Singular Vector Decom-
position (SVD) [Menke, 1989]of the model matrix
T in equation (4) [Kaminski, 1998].

Alternativ ely, the reduction of the a priori un-
certainty induced by the inversion provides also a
measureto assessthe relative importance of the a
priori information. Figure 4 displays the a priori ,
the a posteriori uncertainty and the relative reduc-
tion for the annual mean CO2 ° uxes from study of
Kaminski [1998]. It is seenthat in most regionsthe
uncertainty is reduced by only a relatively small
amount (at most 20%). Clearly the uncertainty
reductions are largest closeto the monitoring sta-
tions. If averaged over larger regions, e.g. zon-
ally or over continents the percentage uncertainty
reduction becomeslarger. In particular the large
scalefeaturesof the resulting solution as described
above are found to be signi¯cant [Kaminski, 1998].
However, this assumesuncorrelated a priori un-
certainties between the di®erent gridboxes. This
assumption is di±cult to assessin the present case
since the a priori ° ux ¯elds were partly derived
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a

b

c

Figure 3: a) A priori , b) a posteriori and c) di®er-
enceof the annual mean source° ux ¯elds of CO2

as resolved on the full model grid (8± latitude by
10± longitude) in the study of Kaminski, [1998],
using an adjoint model of atmospheric transport.
Shown areonly the CO2 ° uxesbetweenatmosphere
and ocean,respectively atmosphereand the terres-
trial biosphere;the anthrop ogenicsource° ux from
the combustion of fossil fuels has beensubtracted.
Fluxes into the atmosphereare indicated by posi-
tiv e numbers.

from oceanic and terrestrial carbon cycle models,
for which estimates of their errors and associated
covariance structure are not readily available.

The relatively small uncertainty reduction pro-
vided by the atmospheric observations is sober-
ing. For the caseof CO2 it demonstrates clearly,
that the present atmospheric background monitor-
ing networks do not allow a regional determination
of the sourcesand sinks of CO2 without signi¯-
cant a priori information on their spatio-temporal
distribution and magnitude. On the other hand,
maps such as Figure 4 provide a means to assess
the merits of individual stations of the monitoring
networks. Using this tool strategies for the opti-
mization of the networks may be devised.

5 New approac hes

Recently , a seriesof new projects have been initi-
ated or proposedto determine the regional sources
and sinks with a much higher spatial and tem-
poral resolution than possible with the existing
global approachesas discussedin the previous sec-
tions (\Carb on America" [Tans et al., 1996], the
Large-scaleBiosphere Atmosphere (LBA) experi-
ment over Amazonia [Anonymous 1997], COBRA
[Wofsy et al., 1997]and \Eurosib erian Carbon°ux"
[Heimann et al., 1997]).

As discussedabove, current observational net-
works are heavily biased toward oceanic areas. A
better and more detailed regional determination
of continental sourcesrequires observations closer
to these sources. This represents a very di±cult
problem becauseof the complex meteorology and
the typically strong and heterogeneousterrestrial
sourcesand sinks.

On the observational side these new proposals
call for a considerable extension of the monitor-
ing platforms. In particular they include measure-
ments in the vertical dimension by aircraft and,
if possible,observations from remote sensingplat-
forms. In addition a multi-tracer approach may
be chosen,in which several atmosphericspeciesare
measuredsimultaneously. E.g. in the caseof the
Eurosiberian Carbon°ux project the following trac-
ersare to be measuredat several siteson bi-weekly
vertical pro¯le ° ights over a time period of at least
three years: CO2 and its carbon and oxygen iso-
topes, CH4 and its carbon isotopes, CO, Radon-
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a

b

c

Figure 4: a) A priori and b) a posteriori uncer-
tainty of the annual mean source° ux ¯eld of CO2

corresponding to Figure 3a) and b). c) percentage
reduction betweenthe a priori and the a posteriori
uncertainty.

222 (a radioactive noble gas with a half-life of 3.8
days), SF6 and others. Sinceall tracers are subject
to the sameatmospheric transport the problem of
representativit y of a single measurement with re-
spect to the modeled grid averaged mixing ratio
may be addressedin an e®ective way.

The modeling of the atmospheric transport over
the continental sourcesand sinks also posesa sub-
stantial challenge. The heterogeneity of the terrain
and the induced complicated meteorology necessi-
tates the use of meso-scalemodels. Such models
must have a horizontal grid resolution of 10{50 km
covering an total areaof up to 25106 km2, and need
to resolve the diurnal cycle of boundary layer mix-
ing and convection in considerabledetail. In order
to run thesemodelsthe large-scalemeteorologyhas
to be speci¯ed from weather forecast analyses.An
additional problem are the boundary conditions for
the tracer(s) under consideration, which will have
to be speci¯ed from the output of a global, low-
resolution simulation. An example of such a simu-
lation systemhas beendescribed for simulations of
CO2 in the arctic region [Engardt, 1997, Engardt
and Holmen, 1997] based on the MATCH model
[Robertson et al., 1996].

How will these models perform in an inverse
approach? Even if the di±culties to realistically
model the transport over the continental regions
can be overcome,it is not clear if reliable regional
source° ux estimates may be obtained by this ap-
proach. This is becausethe large and mostly un-
known heterogeneity of the source ° ux distribu-
tion might require a sampling density in spaceand
time that is not feasible. Clearly, without a success
in these new approaches the secondgoal of inver-
sion studies mentioned in the intro duction, i.e. the
quanti¯cation of regional ° ux estimatesfor the ver-
i¯cation of national greenhousegas reduction tar-
gets will remain elusive. Nevertheless,it is hoped,
that the new projects will provide someinsight into
the regional sourceestimation problem.
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