Inverse ModelingApproaches to Infer SurfaceTrace Gas Fluxes from Observed Atmospheric MixingRatios

Martin Heimann^∗and Thomas Kaminski Max-Planc k-Institut für Meteorologie Bundesstrasse 55, D-20146 Hamburg, Germany

7.07.1998

1 Intro duction

The accurate temp oral and spatial quantification of sources and sinks of radiativ ely or chemically active atmospheric trace gases, constitutes a considerable scientific challenge. However, this quantification is needed for two purp oses. Firstly , it provides critical data for the evaluation of process-based prognostic models, which are used to predict the evolution of the atmospheric composition as functions of anthrop ogenic impacts and environmen tal changes. Secondly, in the context of international negotiations to curb the emissions of greenhouse gases, an accurate quantification is indispensable to verify reduction targets claimed by individual nations or groups of nations.

One approac h to this problem involves the extrap olation of local flux measuremen ts using geographically referenced databases of properties of the surface (e.g. vegetation cover, topography, soil properties etc.) in conjunction with climatic variables (e.g. temp erature, precipitation, insolation etc.) and databases of anthrop ogenic activities (statistics of land-use, energy consumption, population, agricultural practices etc.). As sources and sinks of trace gases are also reflected in the spatial distribution and temp oral variation of their atmospheric mixing ratio, an alternativ e approac h consists of inverting atmospheric mixing ratio measurements into a spatial and temp oral distribution of the trace gas sources. In order to do this, the atmospheric transp ort from the source regions to the observation sites has to be describ ed using simulation models of atmospheric transp ort.

∗ Now at Max-Planc k-Institut for Biogeo chemistry , PF 100164, D-07745 Jena, German y, Email:

mheimann@bgc-jena.mpg.de

During recent decades several global networks of monitoring stations have been developed, e.g. by the Climate Monitoring and Diagnostics Laboratory of the U.S. National Oceanic and Atmospheric Administration (NOAA/CMDL), by the Scripps Institution of Oceanograph y, La Jolla, California, and by the CSIRO of Australia, which monitor routinely the composition of the atmosphere with increasing accuracy and temp oral and spatial resolution. These networks are being supplemen ted by measuremen ts from airplanes, ships and buoys, and by data from satellite-based remote sensing instruments.

The inference of the distributions of sources and sinks and their temp oral variations in a consisten t way from all the observations in conjunction with a model of atmospheric transp ort constitutes an inverse problem of considerable complexit y. Ultimately , it requires the design and implementation of a global observing system in which a model of the surface sources is optimized in a consisten t way by the differen t observations, including atmospheric concentrations, isotopic composition, surface features observed from satellites. In many respects such a system may be designed similar to the systems that are curren tly used in the assimilation of meteorological observations in weather forecasting. The main difference is that the aim in meteorological data assimilation is to find more realistic, dynamically consisten t fields of the differen t meteorological variables to define the initial state of the atmosphere from which a forecast is subsequently computed. Contrary , an observing system for the trace gases would be designed to optimize the surface sources which constitute boundary conditions. However, the mathematical optimization procedures to be used in such a system are similar. At present such monitoring systems for the trace gases are not in place. This is mainly caused by three reasons: (i) the interest in atmospheric trace gases is rather recent; (ii) techniques of accurate measuremen ts on a routine basis have only recently become feasible; and the existing monitoring networks are therefore much less dense than the networks of the meteorological agencies.

In spite of these problems there are many pilot studies, in which global and regional scale sources and sinks of atmospheric trace gases have been estimated from a limited number of observational data using a variety of inverse approac hes. Most of these attempts, however, have been restricted to longlived trace gases (i.e. gases with life times longer than one month), trace gases for which atmospheric chemical transformations or removal processes are either absent or relativ ely well understo od. Examples of such gases include carbon dioxide (CO_2), methane (CH_4), nitrous oxide (N_2O), halocarbons, and carbon monoxide (CO). The main reason for this restriction is that the mathematical inverse problem of these gases is either linear or may be linearized. Short-liv ed reactiv e species such as NO_x have not received much atten tion so far because their atmospheric chemistry is too nonlinear and depends on too many other coupled species to make the problem manageable. However, highly nonlinear cases have been addressed in related fields, such as inversions of oceanic biogeochemical processes (e.g. see the proceedings of the “W orkshop on Inverse Metho ds in Global Biogeochemical Cycles, held in Heraklion, Greece, March 18–20, 1998; to be published as AGU monograph in 1999^1).

The present review is limited primarily to global approac hes. At the end we briefly address the extension to the regional problem, where the term ‘regional’ is defined as the size of a continent such as Europ e or larger.

Some importan t difficulties of the inversion problem include:

1. Curren t atmospheric transp ort models are 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 temp oral gaps in the observations.

3. Technically, the ‘inversion’ of the atmospheric transp ort model is not trivial and requires much larger computing resources than running the model in the forward mode.

4. Individual measuremen ts are often not representativ e of the appropriate temp oral and spatial scale of the transp ort model.

5. Individual observations are of limited accuracy and precision and observations from differen t monitoring networks are often not easily comparable because of differences in measuremen t techniques and uses of differen t standards.

Section 2 addresses the problem of modeling atmospheric transp ort. In section 3 we discuss the mathematical and technical difficulties of the inversion problem. Section 4 describ es the results of two case studies to demonstrate the curren t stateof-the-art, followed by a brief overview of recently proposed strategies to address the regional problem with considerably higher temp oral and spatial resolution.

2 Atmospheric transp ort

2.1 The con tin uit y equation

The link between sources and sinks of a trace gas and its mixing ratio for a specific location and time period is provided by atmospheric transp ort. In mathematical terms we have a two- or threedimensional, time dependent field Q(x,t, χ) describing the sources and sinks of the trace gas considered. Generally the source may also depend on the mixing ratio of the gas itself and, in chemically more complex cases, on the mixing ratios of other coupled constituen ts. The atmospheric transp ort translates the source field Q(x,t, χ) into a threedimensional, time dependent field of mixing ratios χ(x,t). The sources and the mixing ratios are related by the continuity equation ∂ ∂t ρχ + ∇ ·vρχ = Q(x,t, χ) (1) where ρ is the air density and v the wind vector, both, of course, also three dimensional, timevarying quantities.

If trace gas emission and uptak e are linearly related to the mixing ratio of the trace gas then the continuity equation is also linear. In the case of the long lived trace gases this is usually correct, or a linear expansion around a mean background state (e.g. in the case of methane, [Hein et al., 1996]) is a good approximation. In this case the continuity equation can be written as ∂ ∂t ρχ + ∇ ·vρχ − k(x,t)χ = Q(x,t) (2)

k(x,t) describ es a first order reaction expressed with the spatially and temp orally varying reaction constan t.

The solution of equation (2) for the atmospheric mixing ratio χ(x,t) given trace gas sources, Q(x,t), and reaction coefficien ts, k(x,t), for a finite time interval requires the specification of an initial mixing ratio field χ(x,0) and boundary conditions at the borders of the spatial computing domain. For example, in the case of a global model for the troposphere suitable boundary conditions, e.g. prescribed trace gas sources or mixing ratios have to be specified at the trop opause and the Earth’s surface.

In practice the continuity equation has to be solved numerically in discretized form (see section 2.2 below). Computing the spatio-temp oral distribution of the mixing ratio χ(x,t) from prescrib ed sources and sinks constitutes a forward model run. In the linear case this may be written formally as a matrix equation

m̃| = T̃ ·q̃| (3)

where the column vector of the mixing ratios m̃| includes all model grid points in space and time of the simulation, and likewise the column vector of source values q̃| includes all grid points of the source in space and time. It also includes any initial and boundary condition terms. The matrix T̃ represents the transp ort model code. The tilde symbol “~” denotes quantities on the full temp oral and spatially discrete resolution of the transp ort model.

In most cases a reduced problem is of interest: We are not interested in the mixing ratio field 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 finite number of observation locations. Also the sources of interest are often time averaged quantities, possibly also averaged over larger spatial domains. If the averaging operations both in the space of observations and of sources are linear, we have a linear “mo del equation” similar to (3):

m| = T ·q| (4)

Here, the elements of m| represen t the observations (in time and space), and the elements of q| are the “source components” (in time and space) which include the (possibly spatially and temp orally averaged) initial and boundary conditions. The elements of the matrix T may be interpreted as the sensitivities of the observables with respect to the source components. For example, the element T_{i,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 transp ort solve the continuity equation for a passive atmospheric trace constituen t on a discrete model grid. Typical spatial resolutions in present-day global models are on the order of a few degrees latitude and longitude and 10 to 30 layers in the vertical dimension. Likewise the temp oral dimension is also discretized with time steps ranging from a few tens of minutes to a few hours.

Atmospheric transp ort can be computed “online” as part of an atmospheric general circulation model which provides the meteorology (windspeeds, air properties, subgrid scale transp ort through clouds, convection or diffusion) [Erickson et al., 1996]. Alternativ ely, the transp ort may be calculated “off-line” by reading the meteorological fields from stored output of a general circulation model simulation or from analyzed fields of a weather forecast model. In the latter case subgrid scale transp ort (see below) has to be recomputed in the transp ort model, which constitutes a non-trivial task (e.g. see Heimann [1995]). By using archived analyses from weather forecast mod-

2Formally , the matrix T is closely related to the Green’s function of the reduced problem.

els, the off-line approac h has the advantage that the “real” meteorology is used in the simulations, i.e. the model describ es the actual atmospheric circulation fields prevailing during the particular time period when the measuremen ts were obtained. In contrast, the on-line general circulation model approach yields simulation results that can only be compared to the observations in a statistical sense, e.g. as monthly or annual means.

The models typically split the transp ort into two main components: “adv ection”, i.e. the transp ort resolved on the model grid, and subgrid scale transport which includes the effects of all processes on temp oral and spatial scales not resolved on the model grid (e.g. transp ort through cumulus clouds, thermal convection, diffusion or boundary layer mixing).

Formally this can be written as ∂ ∂t ρ̄χ̄ + ∇ ·v̄ρ̄χ̄ + CONVEC(χ̄) = Q̄(x,t, χ) (5)

where the overbars indicate quantities averaged over the model grid. The second term on the left represen ts the resolved “adv ection”, while CONVEC denotes the subgridscale transp ort processes.

2.2.1 Adv ection

Many numerical schemes have been developed in the past for the numerical solution of the part of equation (5) which denotes the grid resolved transport. Importan t properties of numerical advection schemes are accuracy, linearit y, mass conservation, small numerical diffusion, computational efficiency , and positive definiteness. A review of some of the more commonly used Eulerian numerical schemes has been given by Rood et al., [1987]. Examples of more advanced techniques are discussed by Spee et al., [1997] and Spee [1998].

Spectral techniques, which used to be popular in the atmospheric general circulation modeling community, expand the tracer mixing ratio field into spherical harmonics. This approac h is not very well suited for tracer transp ort because the spectral transformation may generate negativ e concentrations.

There exist also lagrangian schemes, in which the atmosphere is represen ted by a series of discrete air parcels, each containing an amount of tracer in accordance with the local tracer mixing ratio. These parcels are moved around the atmosphere by the specified wind velocity and keep their identity over the entire length of the model integration time period [e.g. Penner et al., 1991]. Lagrangian schemes have much less numerical diffusion as compared to Eulerian techniques. However, it is difficult to adequately represen t subgrid scale mixing processes in such a scheme. Furthermore, because the parcel distribution tends to become non-uniform with time, the schemes need a large number of parcels in order to represen t the tracer fields with a sufficient spatial resolution. This makes the schemes in general computationally expensive, except in the situation where the transp ort of several tracers is to be computed simultaneously , because the air parcel movement has to be computed only once for all tracers.

In semi-lagrangian schemes the tracer is transported during each time step in a lagrangian fashion, i.e. attac hed to discrete air parcels. After each time step the three-dimensional tracer mixing ratio fields are reconstructed by interp olation from the parcels to the regular model grid. This interp olation tends to have problems with mass conservation [Rasch and Williamson, 1990].

Despite the differen t numerical techniques employed in present day atmospheric transp ort models the advection is not considered to be the most critical component in need of improvement.

2.2.2 Subgrid scale transp ort pro cesses

In the course of the discretization of the basic continuity equation on the model grid the effects of all transp ort processes on smaller spatial and temp oral scales must be describ ed (“parameterized”) as functions of the values of the meteorological variables on the resolved scale. Some of these processes include vertical transp ort through cumulus clouds (“w et convection”), thermally driven dry convection, turbulen t diffusion and vertical mixing in the surface and boundary layers. A comparison of several vertical subgrid scale transp ort parameterizations can be found in Mahowald et al., [1995].

Parameterizations for these processes also exist in atmospheric general circulation models and in weather forecast models. In principle these could be transferred to the transp ort models. However, except for water vapor, the transp orted quantities (energy, momentum) have differen t properties as compared to trace gases (source distributions, lifetimes) making such a transfer non-trivial.

A very critical subgrid scale transp ort process is 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 sources are at the earth’s surface. The height of the layer, into which the trace gas is emitted, and the exchange processes with the overlaying free trop osphere critically determine the simulated mixing ratio in this layer.

In the case of a trace gas with strong diurnal and seasonal sources, such as CO_2, systematic temporal changes of the transp ort (e.g. height of the boundary layer during day and night and also during the differen t seasons of the year) are responsible for “rectifier effects”, i.e. spatial structures in the mean annual mixing ratio field even if the trace gas source on annual average were balanced at every grid point to zero. These structures arise because of the temp oral covariance between source and atmospheric transp ort [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 fields reflect a combination of true sources and sinks and of the “rectifier effects”. Because of this an accurate represen tation of the “rectifier effect” in the atmospheric transp ort model is an indispensable necessity. Unfortunately , there is at present no way to independently verify the simulated rectifier effect, which, at least for CO_2, constitutes a serious limitation in curren t inversion studies.

2.3 Validation of atmospheric transport mo dels

An assessment of the realism of present atmospheric transp ort models is beyond the scope of this review.

A critical quantity of global atmospheric transport models is their portra yal of the meridional interhemispheric transp ort. This property can be validated by means of simulations with trace gases of known surface sources, such as the radioactive Krypton-85 [Jacob et al., 1987, Heimann and Keeling, 1989], CFC-11 [Prather et al., 1987] or Sulfurhexafl uaride (SF_6) [Levin and Hessheimer,

1996]. A consisten t intercomparison of global atmospheric transp ort models with SF6 has recently been undertak en within the phase 2 of the TRANSCOM project [Denning et al., 1998].

As discussed above, at present there is no metho d available to validate the simulated “rectifier effect”. The way the differen t models simulate this effect has been explored in phase 1 of the TRANSCOM project [Rayner and Law, 1995, Law et al., 1996].

3 Metho dological asp ects of the inversion problem

3.1 The mathematical problem

The inverse problem consists of inverting equation (4) to find a solution for the source components q|. The structure of (4) shows that this involves two tasks: First, the matrix T has to be computed and second, the linear equation system has to be solved for the unknown source components.

Depending on the number of observables and the number of source components, the matrix T may be very large, hence its computation may be very expensive. But also the solution of equation (4) for the source components is not trivial. Typically there are only a limited number of observations in space and time. On the global scale, currently most of the gases under consideration are monitored at less than 10 stations continuously or quasi-continuously and at less than a few hundred stations with a sampling frequency of less than 1- 2 observations every week. For some of the gases (e.g. CO) remote sensing observations from space craft are available, but these typically are of limited accuracy and may include only the vertical integral. On the other hand, most source and sink processes are strongly heterogeneous in space and time. To represen t this heterogeneit y adequately , one is tempted to choose a high resolution in the space of source components, hence the matrix T becomes rectangular with a much larger number of columns than of rows. In this case the source inference problem is highly underdetermined. But even if one restricts the number of source components to a smaller number than the observations, the equation system might still be “ill-conditioned” because of the diffusive nature of the atmospheric transp ort. Hence additional restrictions (simplifications, assumptions, ‘a priori ’ information from other data sources) are needed in order to make the problem mathematically well conditioned. Some of these are discussed in the subsections below.

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 (typically 10–100). The surface sources for each of these regions are then prescrib ed in their spatial and temp oral pattern, whereas their overall magnitude is left as an unknown scaling parameter to be determined in the inversion procedure. In the case of a high-resolution, computationally expensive atmospheric transp ort model, this is the only way to make the determination of the matrix T manageable.

In this case the matrix T can be determined by brute force: The atmospheric transp ort model code is run for each of the source regions separately . T is then obtained by recording the contributions from the differen t source components at the observation sites. In this “syn thesis inversion” the source regions may be specified as a simple geometric breakdown of the globe, such as the sources in latitudinal bands. This approac h has been applied e.g. by Brown [1993, 1995] to deduce the sources of methane on latitudinal bands.

A slightly differen t variant of the “syn thesis inversion” consists of decomposing the source field into several, possibly spatially overlapping components that represen t differen t source processes. This has been applied e.g. in the case of methane by Hein et al. [1996]. Here the differen t source and sink processes of CH_4 are specified by their global spatial and temp oral patterns (e.g. emissions from peats and bogs, from coal mining, oil or gas production, waste disposal, rice paddies, cattle etc.). For CO_2 this approac h has been chosen by Enting et al. [1995], Bousquet [1997], and Rayner et al. [1998].

The “syn thesis inversion” approac h typically yields a relativ ely stable inversion (possibly even an overdetermined equation system), since the number of source components in most cases is chosen to be less than the number of observations. However, the use of predefined “rigid” spatio-temp oral source patterns strongly influences the resulting solution.

3.3 Simplifications in the temp oral domain

The atmosphere has a limited “memory”. An impulse input of a conservative tracer released at a specific location and time eventually becomes homogeneously mixed. The longest mixing time defines a time horizon, beyond which any source or sink contributes only to the global background mixing ratio of the tracer. Within the trop osphere, efolding times for the decay of pulse input are on the order of up to 1 year [Weiss et al., 1983]. Mixing times into the stratosphere, however, are much longer. Hence, for a trop ospheric tracer, a conservative value for the time horizon is 3 to 4 years [Heimann and Keeling, 1989]. For example for the simulation of a transien t trop ospheric tracer, such as the halocarbons during the 1980’s, the history of the F11 sources prior to 1977 is irrelevant, only their cumulativ e global integral determines the atmospheric background F11 mixing ratio [Bloomfield et al., 1994].

This implies that the elements in the sensitivity matrix T which refer to sources more than 4 years prior 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 transp ort model must be run for only 4 years for each of the source components in order to determine the sensitivit y matrix T.

A further simplification arises if one assumes that the large-scale atmospheric transp ort does not change significan tly from year to year. Indeed, this appears to be the case as witnessed by a close inspection of the atmospheric time history of SF_6, which shows that the mixing ratio differences between the hemispheres remained relativ ely constan t over the last decade, when emissions did not change significan tly [Maiss and Levin, 1994, Levin and Hessheimer, 1996]. In this case one uses the same wind fields year after year. As an additional check one can repeat the simulation with the meteorology from another year [e.g. Knorr and Heimann, 1995].

Finally, an additional, considerable simplification can be achieved by addressing only the “quasistationary” problem: i.e. by assuming that all sources and sinks may include a seasonalit y, but are invariant from year to year. If also the transport is assumed to be the same year after year, then it is easily seen that after an initial transien t the atmospheric mixing ratio at any location, x, as a function of time, t, can be expressed as an offset, χ_0(x), a globally uniform linear trend a_t and a seasonal cycle S(x,τ):

χ(x,t) = χ_0(x) + a_t t + S(x,τ) (6)

where τ denotes the time since the beginning of the year. Many global inversion studies of CO_2 [e.g. Enting et al., 1995] or of CH_4 [e.g. Hein et al., 1996] employed this approximation.

The extension to the interann ually varying case has been addressed by Bloomfield et al. [1994] for CFC-11, and Rayner et al. [1998] for CO_2.

3.4 Ba yesian approac hes

Bayesian approac hes to the inverse problem provide a means to include a priori information on the unknown source components in the inversion procedure [see e.g. Tarantola, 1987]. They are based on a formulation of the problem in terms of probability distributions in the joint space of sources and concentrations. In practice these probabilit y distributions are assumed to be Gaussian. An a posteriori source estimate is derived, which is optimal in the sense that it is as close as possible to the prescrib ed a priori sources, while the resulting simulated concentrations are as close as possible to the observations. Thereb y “close” is defined relative to specified uncertain ties in both, the observations and the a priori source estimates.

In an otherwise underdetermined inverse problem, the Bayesian approac h yields a unique solution from all source configurations that are consisten t with the observations. In an ill-conditioned inverse problem the Bayesian approac h limits the amplification of errors in the observations when inferring source combinations that are badly constrained by the observations (see Enting [1993]).

The necessary a priori information, i.e. the a priori sources, may be provided by interp olating direct flux measuremen ts, or they may be obtained from prognostic source models. In both cases quantifying the uncertain ties of the a priori estimates is crucial and should reflect the understanding of the underlying source processes.

Bayesian inversions have been carried out by Enting et al. [1995], Bousquet [1997], Rayner et al. [1998], and Kaminski [1998] for CO_2 as well as by Hein and Heimann [1994]and Hein et al. [1996] for CH_4.

3.5 Technical approac hes

In the case of sparse networks, adjoint models provide an efficien t tool to compute the matrix T in equation (4). Instead of computing the partial derivatives T_{i,j} by brute force with forward transport model runs for each source component j, the adjoint model begins at the location and time of the observations (i). Starting with an infinitesimal mixing ratio deviation at the observation point i, the adjoint model works its way backward in time. Thereb y it determines the necessary changes in the source components at earlier time points that would induce the infinitesimal mixing ratio deviation at i. In this way the adjoint model essentially propagates the sensitivit y of the modeled concentrations from the observational sites i backwards to the sources [Errico, 1997, Corliss and Rall 1996].

Using forward model runs to compute T_{i,j} the required computational resources are proportional to the number of source components, and relativ ely independent of the number of observations, while for the adjoint model the required computational resources are proportional to the number of observations, and relativ ely independent of the number of source components. The major difficult y of the adjoint approac h is the time consuming construction 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 Adjoint Model Compiler (TAMC) [Giering, 1996]. Using the TAMC, Kaminski et al. (1996) developed the adjoint of the atmospheric transp ort model TM2 [Heimann, 1995], which allowed an efficien t computation of the matrix T for an observational network of approximately 30 stations with monthly observations and monthly sources on the 8 by 10 degree horizontal model grid; i.e. a matrix for observations at 30 × 12 = 360 time-space locations and 12× 24× 36 = 10368 source components (a matrix with 3.7 million elements).

3.6 Represen tativit y of individual measuremen ts

In most global studies performed so far, the modeled monthly mean mixing ratio is compared to estimates of the monthly mean mixing ratio at the observing sites. The mixing ratio computed by a model is “represen tativ e” for the spatial and temporal resolution of the model grid. On the other hand, individual measuremen ts at a monitoring site in general reflect also local transp ort and source processes on finer scales than resolved by the model. The comparison between observations and model results hence requires considerable care in order to avoid potentially serious biases.

On the observational side one typically tries to eliminate the influences of local contamination by following a data selection proto col designed to sample so-called “bac kground air” under “baseline conditions”. This is achieved, e.g. by specifying the time of day and other requiremen ts (minimum wind speed, particular wind directions, other meteorological conditions) under which air sampling is performed. If possible also the information from other, concurren tly measured tracers (e.g. Radon- 226 and Radon-222 [Polian et al., 1986]) can be used. An additional elaborate data screening is also used after the sampling in order to eliminate “outliers” believed to represen t local (“p olluted”) samples before computing monthly means. In many cases these procedures may indeed yield observations that are represen tativ e to the simulations. However, it is difficult to estimate, to what extent these approac hes in fact eliminate the local unwanted source contributions. The data selection procedures by themselv es may also induce biases because potentially air is sampled that reflects a differen t 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 procedures employed at the observing stations. For example it does not make sense to compute monthly averages in 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 afterno on when vertical mixing is strongest. Unfortunately , the implementation of adequate sampling strategies in the models is rather cumbersome, as it will be differen t for each station.

A thorough demonstration of the potential biases incurred by differen t sampling procedures in the model and the observations has been given by Ramonet and Monfray [1996].

3.7 Inhomogeneit y of sampling networks

In many cases, the spatial inhomogeneit y ofthe current observational networks is obvious. As an example Figure 1 shows the CO_2 monitoring network maintained by the U.S. National Oceanographic and Atmospheric Administration’s Climate Monitoring and Diagnostic Laboratory [Conway et al., 1994] in which the tropics and in particular the tropical land masses are undersampled. Also, sampling of oceanic regions has been favored by choice of observational sites and by the definition of baseline conditions (see the previous section). On the other hand, in most inversion studies one chooses a relativ ely small number of unknown source components (see section 3.2). In combination with inhomogeneous sampling, however, a low resolution in the space of sources is likely to yield a biased estimate of the inversion as demonstrated by Snieder [1993]. For inverse problems in seismic tomography, Snieder [1993] and Tramp ert and Snieder [1996] demonstrate how to reduce the bias at the cost of increasing the uncertain ty. For inversion of the global atmospheric transp ort and the curren t global networks, the magnitude of this bias is yet to be quantified.

3.8 Calibration problems between differen t measuremen t net works

Reported observations from differen t measuremen t agencies are often not calibrated well against each other. This is a serious problem, because, in the case of long-lived species, small mixing ratio differences between differen t stations imply relativ ely large sources, hence offsets between differen t networks may induce substan tial biases in the inferred source distributions.

In principle the calibration differences among the networks could be reduced by systematic intercomparisons of standards, measuremen t techniques, sampling procedures and sample handling. Several of such intercomparison efforts are curren tly underway within the differen t trace gas species measure-

Figure 1: Global station network of the Climate Monitoring and Diagnostics Laboratory of the National Oceanic and Atmospheric Administration [Conway et al., 1994].

ment communities. Unfortunately , these tedious efforts are scientifically not very rewarding and are therefore often lacking sufficien t funding support. It must be stressed, however, that such efforts are very importan t 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 offsets into account. In the case of CO_2 such an effort has been undertak en by NOAA- CMDL in the creation of the GLOBALVIEW dataset [Masarie and Tans, 1995]. Alternativ ely, one can of course also use only the observations from a single network. Or, it might also be possible to include the calibration offset between differen t networks as unknown parameters to be determined in the inversion.

3.9 Uncertain ties

In principle, an inversion is subject to two sources of errors: Observations are of finite precision, and models are imperfect. Clearly, these errors cause uncertain ties in the source fields that are determined by the inversion. In general, the observations are not represen tativ e for the spatial and temp oral scale of the model predictions. The associated error in comparison of both quantities, which (depending on how one names the observed quantity) can either be subsumed under model error or observational error, or can be treated separately as a represen tation error. Computationally , the difference of these errors is unimp ortan t, since they enter the inversion in their sum.

The formal treatmen t of these errors is in terms of probabilit y distributions. For the sake of computational convenience, usually Gaussian distributions are assumed, and for a linearization of the transp ort model, one can derive a Gaussian distribution of the source field that is consisten t with the sum of the abovementioned errors. Due to this Gaussian assumption, the actual computations are then manipulations of means and covariance matrices. In Bayesian inversions, the a priori information is also quantified in terms of a mean and a covariance matrix. The inversion then derives a posterior mean field and covariance matrix. The information in the atmospheric observations then is reflected in a change of this mean and a reduction of the uncertain ties.

Practically , errors in the transp ort model are hard to quantify, potential approac hes are either model intercomparisons or checking against observed concentrations for tracers with well known source distributions. Usually transp ort model errors are neglected. Similar problems complicate explicit inclusion of the represen tation error. Selection of observations according to their representativ eness (see section 3.6) is an approac h to minimize this error.

4 Examples

In 1995 Enting et al. presented a Bayesian synthesis inversion for CO_2. Employing observations of atmospheric CO_2 from the global networks of the NOAA-CMDL [Conway et al., 1994] together with^{13} C/^{12} C isotopic ratio measuremen ts from the CSIRO [Francey et al., 1995], they solved the quasi stationary problem (see section 3.3) for the magnitudes of about 20 unknown source components. Since the study by Enting et al. [1995] a number of research groups have been refining inversion in various directions. As examples, we briefly demonstrate the long-term average annual mean source fluxes of CO_2 inferred in the studies of Rayner et al. [1998] and Kaminski [1998].

By resolving the interann ual variabilit y in the sources, Rayner et al. [1998] removed the quasi stationary assumption. For the period from 1980 to 1995, in a Bayesian synthesis inversion, they inferred the monthly magnitudes of about 30 source patterns from global observations of CO_2, complemented by one station’s time series of the isotopic CO_2 composition and the station’s linear trend in the oxygen to nitrogen ratio. Figure 2 shows a priori and a posteriori estimates for the long term annual mean source fields. The figures show only the fluxes of CO_2 between the atmosphere and the ocean, respectively the atmosphere and the terrestrial biosphere; the dominan t anthrop ogenic source, i.e. the CO_2 from the combustion of fossil fuels has been subtracted.

Keeping the quasi stationary assumption, in contrast, Kaminski [1998] removed the simplifications in the spatial domain by means of an adjoint approach (see section 3.5). In principle this approac h allows the computation of adjustmen ts to the a priori source field resolved on the full horizontal grid of the transp ort model (8^∘ latitude by 10^∘ longitude). In this study observations of the atmospheric CO_2 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 necessitated a Bayesian approac h (see section 3.4). The a priori source fields were obtained from energy use statistics for the fossil fuel CO_2 source, from statistics of land use change and from spatially explicit carbon cycle simulation models for the ocean and the terrestrial biosphere.

Figure 3 shows the a priori and a posteriori estimates for the annual mean source fields and their difference. Overall, Figure 3b reveals a similar structure of the non-fossil fuel CO_2 source fields as the a posteriori source field of Rayner et al., [1998] (Figure 2): A strong sink for CO_2 in the northern mid-latitudes and a smaller sink in the southern hemisphere oceans. The tropical oceans and in particular the equatorial Pacific reflect regions with CO_2-outgassing.

Despite the considerable spatial and (not shown) temp oral resolution of the source fluxes of CO_2 as inferred in the two studies, one must realize, that the a posteriori solution is determined considerably by the a priori information. The extent to which the atmospheric measuremen ts and the transp ort model provide additional information can be inves-

Figure 2: a): A priori long-term annual mean source distribution as specified in the inversion study of Rayner et al. [1998]. b): a posteriori sources inferred by the inversion procedure. Numbers represen t source fluxes of CO_2 in GtC yr^{− 1}. Fluxes into the atmosphere are indicated by positive numbers.

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

Alternativ ely, the reduction of the a priori uncertain ty induced by the inversion provides also a measure to assess the relativ e importance of the a priori information. Figure 4 displays the a priori , the a posteriori uncertain ty and the relativ e reduction for the annual mean CO_2 fluxes from study of Kaminski [1998]. It is seen that in most regions the uncertain ty is reduced by only a relativ ely small amount (at most 20%). Clearly the uncertain ty reductions are largest close to the monitoring stations. If averaged over larger regions, e.g. zonally or over continents the percentage uncertain ty reduction becomes larger. In particular the large scale features of the resulting solution as describ ed above are found to be significan t [Kaminski, 1998]. However, this assumes uncorrelated a priori uncertain ties between the differen t gridboxes. This assumption is difficult to assess in the present case since the a priori flux fields were partly derived 10

Figure 3: a) A priori , b) a posteriori and c) difference of the annual mean source flux fields of CO_2 as resolved on the full model grid (8^∘ latitude by 10^∘ longitude) in the study of Kaminski, [1998], using an adjoint model of atmospheric transp ort. Shown are only the CO_2 fluxes between atmosphere and ocean, respectively atmosphere and the terrestrial biosphere; the anthrop ogenic source flux from the combustion of fossil fuels has been subtracted. Fluxes into the atmosphere are indicated by positive numbers.

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

The relativ ely small uncertain ty reduction provided by the atmospheric observations is sobering. For the case of CO_2 it demonstrates clearly, that the present atmospheric background monitoring networks do not allow a regional determination of the sources and sinks of CO_2 without significant a priori information on their spatio-temp oral 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 optimization of the networks may be devised.

5 New approac hes

Recently, a series of new projects have been initiated or proposed to determine the regional sources and sinks with a much higher spatial and temporal resolution than possible with the existing global approac hes as discussed in the previous sections (“Carb on America” [Tans et al., 1996], the Large-scale Biosphere Atmosphere (LBA) experiment over Amazonia [Anonymous 1997], COBRA [Wofsy et al., 1997] and “Eurosib erian Carb onflux” [Heimann et al., 1997]).

As discussed above, curren t observational networks are heavily biased toward oceanic areas. A better and more detailed regional determination of continental sources requires observations closer to these sources. This represen ts a very difficult problem because of the complex meteorology and the typically strong and heterogeneous terrestrial sources and sinks.

On the observational side these new proposals call for a considerable extension of the monitoring platforms. In particular they include measurements in the vertical dimension by aircraft and, if possible, observations from remote sensing platforms. In addition a multi-tracer approac h may be chosen, in which several atmospheric species are measured simultaneously . E.g. in the case of the Eurosib erian Carb onflux project the following tracers are to be measured at several sites on bi-weekly vertical profile flights over a time period of at least three years: CO_2 and its carbon and oxygen isotopes, CH_4 and its carbon isotopes, CO, Radon- 11

Figure 4: a) A priori and b) a posteriori uncertainty of the annual mean source flux field of CO_2 corresp onding to Figure 3a) and b). c) percentage reduction between the a priori and the a posteriori uncertain ty.

222 (a radioactiv e noble gas with a half-life of 3.8 days), SF_6 and others. Since all tracers are subject to the same atmospheric transp ort the problem of represen tativit y of a single measuremen t with respect to the modeled grid averaged mixing ratio may be addressed in an effective way.

The modeling of the atmospheric transp ort over the continental sources and sinks also poses a substan tial challenge. The heterogeneit y of the terrain and the induced complicated meteorology necessitates the use of meso-scale models. Such models must have a horizontal grid resolution of 10–50 km covering an total area of up to 25 10^6 km^2, and need to resolve the diurnal cycle of boundary layer mixing and convection in considerable detail. In order to run these models the large-scale meteorology has to be specified from weather forecast analyses. An additional problem are the boundary conditions for the tracer(s) under consideration, which will have to be specified from the output of a global, lowresolution simulation. An example of such a simulation system has been describ ed for simulations of CO_2 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 approac h? Even if the difficulties to realistically model the transp ort over the continental regions can be overcome, it is not clear if reliable regional source flux estimates may be obtained by this approach. This is because the large and mostly unknown heterogeneit y of the source flux distribution might require a sampling density in space and time that is not feasible. Clearly, without a success in these new approac hes the second goal of inversion studies mentioned in the introduction, i.e. the quantification of regional flux estimates for the verification of national greenhouse gas reduction targets will remain elusive. Nevertheless, it is hoped, that the new projects will provide some insight into the regional source estimation problem.

References

Anonymous, 1997. The large-scale biosphereatmosphere experiment in amazonia - LBA.

Http://www.tor.ec.gc.ca/GEWEX/GHP/
LBA96.html.

Bousquet, P., 1997. Optimisation des flux nets de 12

CO_2: assimilation des mesures atmosph ériques en CO_2 et en δ^{13} C dans un modèle de transport tridimensionnel. Ph.D. thesis, Université Paris VI.

Brown, M., 1993. Deduction of emissions of source gases using an objective inversion algorithm and a chemical transp ort model. J.Geoph ys.Res., (98), 12639–12660.

Brown, M., 1995. The singular value decomposition metho d applied to the deduction of the emissions and the isotopic composition of atmospheric methane. J. Geophys.Res., (100), 425–446.

Conway, T. J., Tans, P. P., Waterman, L. S., and Thoning, K. W., 1994. Evidence for interannual variabilit y of the carbon cycle from the National Oceanic and Atmospheric Administration Climate Monitoring and Diagnostics Laboratory global air sampling network. J. Geophys. Res., 99, 22831–22855.

Corliss, G. F., and L. B. Rall, 1996. An introduction to automatic differen tiation, in Computational Differen tiation: Techniques, and Tools, edited by M. Berz, C. Bischof, G. Corliss, and A. Griewank, SIAM, Philadelphia, Penn., pp 1–18.

Denning, A. S., 1995. Investigations of the transport, sources, and sinks of atmospheric CO2 using a general circulation model. Ph.D. Thesis, Colorado State University, Fort Collins, Colorado.

Denning, A. S., I. Y. Fung, and D. Randall, 1995.

Latitudinal gradient of atmospheric CO_2 due to seasonal exchange with land biota. Nature, 376, 240–243.

Denning, et al., 1998. Three-Dimensional transp ort and concentration of SF6: Preliminary results of a model intercomparison study (TransCom). Tellus, submitted.

Denning, A. S., D. A. Randall, G. J. Collatz, P. J., and P. J. Sellers, 1996. Simulations of terrestrial carbon metab olism and atmospheric CO_2 in a ceneral circulation model. 2. Simulated CO_2 concentrations Tellus, 48B, 543–567.

Engardt, M., 1997. Climate change and carbon dioxide fluxes in the high latitude northern hemisphere. Dep. of meteorology, Stockholm University, Ph.D. Thesis, 104pp.

Engardt, M. and K. Holmen, 1997. Towards decuding regional sources and sinks from atmospheric CO_2 measuremen ts at Spitsb ergen. Physics and Chemistry of the Earth, 21, 523– 527.

Enting, I.G. , 1993. Inverse problems in atmospheric constituen t studies. III: Estimating errors in surface sources. Inverse Problems, 9, 649-665.

Enting, I. G., C. M. Trudinger, and R. J. Francey, 1995. A synthesis inversion of the concentration and^{13} δC of atmospheric CO_2. Tellus, (47B), 35–52, 1995.

Erickson III, D. J., P. J. Rasch, P. P. Tans, P.

Friedlingstein, P. Ciais, E. Maier-Reimer, K. Six, C. A. Fischer, and S. Walters, 1996. The seasonal cycle of atmospheric CO_2: A study based on the NCAR Community Climate Model (CCM2). J. Geophys. Res., 101, 15079–15097.

Errico, R., 1997. What is an adjoint model?

BAMS, 78 (11), 2577-2591. Francey, R. J. P. P. Tans, C. E. Allison, I. G. Enting, J. W. C. White, and M. Trolier, 1995. Changes in oceanic and terrestrial carbon uptake since 1982. Nature, 373, 326–330.

Globalview-CO2, 1996. Cooperativ e Atmospheric Data Integration Pro ject - Carb on Dioxide, CD-ROM, NOAA/CMDL, Boulder, Colorado.

Giering, R., 1996. Tangent linear and Adjoint Model Compiler, Users Manual, MPI, Bundesstr. 55, 20251 Hamburg, German y.

Heimann, M. and C. D. Keeling, 1989. A three dimensional model of atmospheric CO_2 transport based on observed winds: 2. Model description and simulated tracer experiments. In: Aspects of Climate Variabilit y in the Pacific and the Western Americas, D.H. Peterson (Ed.), Geophysical Monograph 55, AGU, Washington (USA), 237-275.

Heimann, M., 1995.The global tracer model TM2.

Technical Report No. 10, ISSN 0940- 9327, Deutsches Klimarechenzentrum, Hamburg, pp. 47.

Heimann, M., et al., 1997. Eurosiberian Carb onflux, Prop osal to the Environmen t and Climate RTD Programme of the Europ ean Commission.

Http://www.bgc-jena.mpg.de/projects/
sibir/flux01.html

Hein, R., and M. Heimann, 1994. Determination of global scale emissions of atmospheric methane 13 using an inverse modeling metho d. In: Ham, v. J. et al. (Eds), Non-CO2 Greenhouse Gases, Kluver, The Netherlands, 271–281.

Hein, R. and Crutzen, P. J. and M. Heimann, 1996.

An inverse modeling approac h to investigate the global atmospheric methane cycle. Global Biogeochemical Cycles, 11, 43–76.

Jacob, D. J., M. J. Prather, S. C. Wofsy, and M.

B. McElroy, 1987. Atmospheric distribution of^{85} Kr simulated with a general circulation model. J. Geophys. Res., 92, 6614–6626.

Kaminski, T., R. Giering, M. Heimann, 1996. Sensitivit y of the seasonal cycle of CO_2 at remote monitoring stations with respect to seasonal surface exchange fluxes determined with the adjoint of an atmospheric transp ort model. Physics and Chemistry of the Earth, 21, 457– 462.

Kaminski, T., 1998. On the benefit of the adjoint technique for inversion of the atmospheric transp ort employing carbon dioxide as an example of a passive tracer. Ph.D. Thesis, Max- Planc k-Institut für Meteorologie, Hamburg, German y.

Knorr, W. and M. Heimann, 1995. Impact of drought stress and other factors on seasonal land biosphere CO_2 exchange studied through an atmospheric tracer transp ort model. Tellus 47B, 471-489.

Law, R. M. et al., 1996. Variations in modeled atmospheric transp ort of carbon dioxide and the consequences for CO2 inversions. Global Biogeochemical Cycles, 10, 783-796.

Levin, I. and V. Hesshaimer, 1996. Refining of atmospheric transp ort model entries by globally observed passive tracer distributions of 85 Krypton and sulfur hexafluoride (SF_6). J. Geophys. Res. 101, 16745–16755.

Mahowald, N. M., P. J. Rasch, R. G. Prinn, 1995.

Cumulus parameterizations in chemical transport models. J.Geoph ys.Res. 100 (D12), 26,173–26,189.

Maiss, M. and I. Levin, 1994. Global increase of SF_6 observed in the atmosphere. Geophys. Res. Lett., 21, 269–272.

Masarie, K. A., and P. P. Tans, 1995. Extension and integration of atmospheric carbon dioxide data into a globally consisten t measuremen t record. J.Geoph ys.Res.,100,D6, 11,593–11,610 Menke, W., 1989. Geophysical Data Analysis, Academic Press, San Diego, CA.

Penner, J. E., C. S. Atherton, J. Dignon, S. J.

Ghan, J. J. Walton, and S. Hameed, 1991. Tropospheric nitrogen: A three-dimensional study of sources, distributions, and deposition. J. Geophys. Res., 96, 959–990.

Polian, G., G. Lambert, B. Ardouin, and A. Jegou, 1986. Long-range transp ort of continental radon in suban tarctic and antarctic areas. Tellus, 38B, 178–189.

Prather, M. J., M. B. McElroy, S. C. Wofsy, G.

Russel, and D. Rind, 1987. Chemistry of the global trop osphere: fluorocarbons as tracers of air motion. J. Geophys. Res., 91, 6671–6681.

Ramonet, M. and P. Monfray, 1996. CO_2 baseline concept in 3-d atmospheric transp ort models, Tellus, 48B, 502–520.

Rasch, P., and D. Williamson, 1990. Computational aspects of moisture transp ort in global models of the atmosphere. Q.J.R. Meteorol. Soc., 116, 1071–1090.

Rayner, P. J. and R. M. Law, 1995. A comparison of modeled responses to prescrib ed CO_2 sources. Technical Paper 36, CSIRO Divison of Atmospheric Research, Aspendale, Victoria, Australia.

Rayner P. J., I. G. Enting, R. J. Francey, and R.

Langenfelds, 1998. Reconstructing the recent carbon cycle from atmospheric CO2 , δ^{13} C and O_2/N_2 observations. Tellus, submitted.

Robertson, L., J. Langner, and M. Engardt, 1996.

MATCH - Meso-scale atmospheric transp ort and chemistry model. Basic model description and control experiments with^{222} Rn. Swedish Meteorological and Hydrological Institute, Report RMK-70, 37pp.

Rood, R. B., 1987. Numerical advection algorithms and their role in atmospheric transp ort and chemistry models. Rev. of Geophysics, 25, 71–100.

Rostaing, N., S. Dalmas, and A. Galligo, 1993.

Automatic differen tiation in Odyssée. Tellus, 45A, 558-568.

Snieder, R., 1993. Global inversions using normal modes and long-period surface waves. in Seismic Tomograph y: Theorie and practice, edited by H. M. Iyer and K. Hirahara, Chapman and Hall, London.

Spee, E. J., J. G. Verwer, P. M. de Zeeuw, J. G.

Bom, W. H. Hundsdorfer, 1997. A numer- 14 ical study for global atmospheric transp ortchemistry problems. Report MAS-R9702, Centrum voor Wiskunde en Informatica, CWI, Amsterdam, 27pp.

Spee, E., 1998. Numerical metho ds in global transp ort-chemistry models. Ph.D. thesis, Univ. of Amsterdam, RIVM, Wageningen, NL, 147pp.

Tans, P.P., P. S. Bakwin and D. W. Guenther, 1996.

A feasible global carbon cycle observing system: a plan to decipher today’s carbon cycle based on observations. Global Change Biology, 2, 309-318.

Tarantola, A., 1987. Inverse Problem Theory - Metho ds for Data Fitting and Model Parameter Estimation, Elsevier, Amsterdam.

Tramp ert, J., and R. Snieder, 1996. Model estimations biased by truncated expansions: Possible artifacts in seismic tomograph y, Science, 271, 1257–1260.

Weiss, W., A. Sittkus, H. Stockburer, and H. Sartorius, 1983. Large-scale atmospheric mixing derived from meridional profiles of Krypton- 85. J. Geophys. Res., 88, 8574–8578.

Wofsy, S. C., B. C. Daub e, R. F. Keeling, B. B.

Stephens, P. P. Tans, P. S. Bakwin, J. L. Stith, 1997. CO_2 budget and rectification airborne study - North America (COBRA-NA). Proposal to the U.S. Dept. of Energy, pp. 18.

15