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Introduction

A new, 4-dimensional variational (4DVAR) inverse modelling system has been
developed for inverse modelling of atmospheric methane. The main advantage of the
new system is that it allows optimizing emissions of individual model grid cells. At the
same time very large sets of observational data can be used (e.g. high-frequency
in situ measurements or satellite data). In contrast, the previously widely used
synthesis inversions were restricted to the optimization of emissions of larger, pre-
defined regions (e.g. continents, or countries), but could not further optimize spatial
emission distributions within these pre-defined regions. Therefore, these approaches
were prone to the so-called aggregation error [Kaminski et al., 2001].

4DVAR technique

4DVAR techniques are widely used in numerical weather prediction in order to
optimize the initial state of the atmosphere. For application to inverse modelling, we
extend the state vector, including the (1) initial 3D atmospheric mixing ratios, (2)
monthly emissions per grid cell (and optionally also per emission category), and (3)
further parameters as e.g. bias corrections for satellite data.

The cost function:
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(with X: state vector; X,: a priori estimate of X; B background error covariance

matrix; V.. : observations; H(X) model simulations of observations; R observations

error covariance matrix; i index of assimilation time window)
is minimized iteratively, by evaluating its gradient:
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(with M: atmospheric transport model; M": adjoint of M; H observation operator)

and applying the ECMWF conjugate gradient minimization algorithm [Fisher and
Courtier, 1995]. We apply the atmospheric transport TM5 [Krol et al., 2005], and
developed its adjoint model for this purpose. Figure 1 shows the iterative
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minimization for a 1-year global 4DVAR inversion, illustrating the very rapid decrease
of the gradient norm.
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Figure 1: Reduction of gradient norm by iterative 4DVAR minimization using the ECMWF
conjugate gradient algorithm.

First global 4DVAR inversions and comparison with synthesis inversion

Figure 2 shows an example of a global 4DVAR inversion, using a priori emissions
from 11 different source categories. We assumed constant uncertainties of monthly
emissions per grid cell, ranging between 20 and 80% for the different source
categories. Furthermore, a spatial decorrelation length of 500 km was assumed. As
observational data we used the CH4 surface measurements from the NOAA network
([Dlugokencky et al., 1994], background sites only).

The 4DVAR inversion leads to some redistribution between NH and SH sources,
and, as large scale regional features, increased emissions over the Amazon and
tropical Africa, and decreased emissions over Canada and Siberia.

We compare these results with results from a recent synthesis inversion (Figure 3),
for which the same a priori emission inventories and the same observational data
were used, and for which 7 big global regions were defined (this synthesis inversion
is described in detail in [Bergamaschi et al., 2007]). Obviously, despite the limitations
of the synthesis inversion, the agreement between both approaches is surprisingly
good: This is attributed to the fact that the synthesis inversion with the 11 source
categories already provides relatively high flexibility. Furthermore, the applied
background observations do not provide strong constraints on emissions of individual
model grid cells, but rather on larger scale emissions.
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Figure 2: Global 4DVAR inversion for year 2003 using surface background observations
from the NOAA network. Upper panel: a priori emissions; lower panel: Inversion increment
(i.e. a posteriori - a priori emissions).

scenario S1

Figure 3: Inversion increment for synthesis inversion [Bergamaschi et al., 2007)].
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First European TM5-4DVAR inversions

Figure 4 shows a coupled global - European inversion, applying the 1°x1° zooming
over the European domain. Observational data include a number of high-frequency
observations over Europe (and are identical to those used in a country-based
synthesis inversion [Bergamaschi et al., 2005]; however we use here different a priori
emission inventories for the 4DVAR inversion). The first results for a series of 4DVAR
scenarios yield a posteriori total emissions for the EU-15 countries close to those
derived from the synthesis inversion (20-23 Tg CHu/yr derived in the synthesis
inversion for scenarios S1-S9 [Bergamaschi et al., 2005]). The influence of the a
priori emissions and further parameters of the 4DVAR system are currently further
investigated.
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Figure 4: Coupled global-European 4DVAR inversion for year 2001 using high-frequency
observations from several European monitoring stations (complemented by European and
global flask measurements). Upper panel: a priori emissions; lower panel: Inversion
increment (i.e. a posteriori - a priori emissions).
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Figure 5 shows the achieved uncertainty reduction in the 4DVAR inversion
(approximation based on leading eigenvectors). The figure illustrates the significant
uncertainty reduction in particular close to high-frequency observations.
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Figure 5: Uncertainty reduction achieved by 4DVAR inversion.

Conclusions

e The new 4DVAR inverse modelling system allows flexible optimization of complex
systems with very large numbers of parameters (emissions from individual model
grid cells) and very large numbers of observations (both in the order of 10* - 10°).

o First 4DVAR results show high consistency with previous synthesis inversions
(both on global and European scale). The much higher flexibility of the 4DVAR
system becomes apparent when using continental high-frequency surface
observations (or satellite data), minimizing the 'aggregation-error'.

e The first preliminary results of the European 4DVAR inversion yield total CH4
emissions from EU-15 countries close to previous synthesis inversions
[Bergamaschi et al., 2005].
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