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Preface

This document is a common deliverable from the two Horizon Europe projects
AVENGERS and EYE-CLIMA, both funded under the same call HORIZON-CL5-2022-D1-
02. Both AVENGERS and EYE-CLIMA had as a deliverable the preparation of good
practice guidelines for the use of atmospheric inversion based emission estimates to
support national greenhouse gas inventories. Producing two separate guidelines and
deliverable reports was considered as problematic as this would lead to two
competing guidelines and possible ambiguity. To circumvent this problem it was
decided to produce joint guidelines in collaboration between the two projects. This
document is the joint guidelines encompassing the following:

1. Good Practice Guidelines for Atmospheric Inversions to Support Greenhouse
Gas Emission Reporting: this document is for those wanting to set-up or run
inversions and explains the inversion methodology, sources of error and
specific considerations for different greenhouse gases. It also describes in
detail the methodology for comparing inversions to national inventories.

2. Good Practice Guidelines for Evaluating Emission Inventories Using Inverse
Modelling Results: this document is aimed at those who want to use
information from atmospheric inverse modelling to evaluate and improve their
nationalinventory and is less technical than document (1).

The EYE-CLIMA and AVENGERS projects were funded from the European Union’s Horizon Europe iii
research and innovation programme under grant agreement No.s 101081395 and 101081322
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Summary

This deliverable describes good practice for atmospheric inversions to support
monitoring of greenhouse gases, especially on national scales. The aim of these
guidelines is to improve the quality and reliability of emissions estimates derived from
atmospheric inversions for use in emissions monitoring and in support of national
greenhouse gas inventories. These guidelines also describe how inversion results can
be benchmarked and what information should be reported with an inversion result to
aid its interpretation and comparison with inventory estimates. Furthermore, these
guidelines detail how inversion estimates may be compared to inventory estimates to
ensure that estimates from each method are in fact comparable. These guidelines are
intended to be a living document in the sense that they should be refined as the field of
atmospheric inverse modelling evolves.

This project has received funding from the European Union’s Horizon Europe
research and innovation programme under grant agreement No 101081395
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1. Introduction

Rona Thompson

1.1. Why we need good practice guidelines

Atmospheric inversion (which is shorthand for “atmospheric chemistry and transport
inverse modelling”) refers to the methodology of estimating the surface-atmosphere
fluxes of a gas (or aerosol) based on observations of mixing ratios (or concentrations) in
the atmosphere (or, for aerosols, of atmospheric deposition) and a model relating the
fluxes to the measurements, i.e., a model of atmospheric transport and, where relevant,
atmospheric chemistry. The inversion relates to the fact that to estimate the fluxes, the
relationship between a change in the flux and the change in atmospheric mixing ratio
needs to be effectively inverted to relate the observations to a correction to the original
(or prior) estimate of the fluxes.

Atmospheric inversion is becoming increasingly used in estimating emissions (and
removals) of greenhouse gases (GHGs) to support emissions inventories and in
monitoring emissions at global to national, and even facility scales. The methods
employed for this are often derived from those used for data assimilation in, for example,
numerical weather prediction. The methodology is also referred to in the
Intergovernmental Panel on Climate Change (IPCC) Guidelines for National Greenhouse
Gas Inventories and, specifically, is mentioned in the 2019 refinement to the guidelines
as a way of verifying an inventory using independent data.

As a result, a few countries are starting to use atmospheric inversions to support their
emission inventories and are including these as annexes to their National Inventory
Reports (NIRs) (IG®IS National-scale Applications of the Science-based Quantification of
Emissions and Removals Workshop'). This has also led to the WMO Integrated Global
Greenhouse Gas Information System (IG3IS) to produce a set of guidelines for estimating
national-scale GHG emissions using atmospheric observations?. These guidelines,
however, do not provide any technical guidance on how to set-up an inversion
framework.

In addition to national efforts, there is also a growing interest in atmospheric inversions
to provide “near-real-time" global information on greenhouse gas fluxes, including
natural sources and sinks, which are not considered in national emission inventories. In
an emerging application, inversions updated every few months to include recent
observations from ground-based networks and satellites are being used to trace
developments in emissions as well as in the variability of natural sources and sinks (Ke
et al., 2024).

With the increasing interest and reliance on atmospheric inversion estimates, there is a
critical need to formulate a good practice to reduce errors and improve confidence in the
emission estimates obtained. As with any methodology, if it is not wellimplemented the

" https://wmo.int/media/update/science-based-greenhouse-monitoring-can-complement-national-
efforts-meet-mitigation-targets-and?book=24971

2 https://library.wmo.int/records/item/69714-integrated-global-greenhouse-gas-information-system-
good-practice-guidance-for-estimating-national-scale-greenhouse-gas-emissions-using-atmospheric-
observations
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results obtained may be erroneous and misleading. Atmospheric inversion is a
reasonably complex methodology and requires careful consideration of how the input
data and settings are chosen, and how the results may depend on those choices.

Over the past approximately three decades, the use of atmospheric inversion in the
scientific community has grown substantially with improvements in atmospheric
transport models and in inversion systems. Recently within the framework of the EYE-
CLIMA and AVENGERS projects, substantial effort has been made to further refine the
methodology. These guidelines are written based on scientific literature as well as the
experience and results from EYE-CLIMA, AVENGERS and earlier projects. Up to now, a
document summarizing the atmospheric inversion methodology and expert knowledge
of how to implement it has been lacking - the aim of these guidelines is to help fill that

gap.

1.2. The purpose of these guidelines and what is covered

These guidelines are aimed at anyone who uses or plans to use the atmospheric
inversion methodology for estimating fluxes. As a companion to these guidelines, there
is a separate document (Good Practice Guidelines on Evaluating Emission Inventories
Using Inverse Modelling Results), which is aimed at those who simply wish to use
atmospheric inversion results.

These guidelines assume the reader has basic knowledge of atmospheric modelling and
statistics. However, no prior knowledge of inversion theory is required and an
introduction to the methodology and its implementation (as well as references for further
reading) are provided in Section 2.

The focus in these guidelines is on long-lived greenhouse gases for which there are
reporting obligations under the United Nations Framework Convention on Climate
Change (UNFCCC), specifically carbon dioxide (CO,), methane (CH4), nitrous oxide (N,O)
and the group of synthetic fluorinated gases together referred to as F-gases. For CO,, the
focus of atmospheric inversions is largely on land ecosystem emissions and removals,
and this will be the focus for CO; in these guidelines as well. Some parts of these
guidelines are also relevant to other gases (and particles). In addition, particular focus is
paid to regional-scale inversions, especially with the aim of supporting nationalemission
inventories, but the guidelines are also applicable to global scale inversions.

These guidelines aim to make the reader aware of how important the set-up of the
inversion is. More specifically, how the choice of input data, the treatment of
observations, and the uncertainty settings can lead to varying results and to provide
guidance on these choices. In addition, guidance is provided on how to estimate the
uncertainties and what additional diagnostics are available to assess the robustness of
the results. Finally, recommendations are given on what information should be provided
along with the inversion results to enhance transparency and confidence in the flux
estimates.

Although much of the methodology is common to all long-lived atmospheric gases, there
are some specific considerations for the different gases, hence Sections 3 to 6 deal with
these specifics respectively for CO, (i.e. land ecosystem emissions and removals), CHy,
N.O and F-gases. Section 7 discusses different types of atmospheric observations

This project has received funding from the European Union’s Horizon Europe 9
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including those from ground-based platforms and those from satellite remote sensing.
Section 8 presents methods for estimating the posterior uncertainty and sensitivity to
different input data, and Section 9 discusses diagnhostic tools and benchmarking of
inversion results. Lastly, Section 10 examines how the flux estimates obtained from
inversions differ from what is reported in emission inventories and how the two can be
compared in a consistent and meaningful way.

2. Methodology

Rona Thompson

2.1. A brief introduction to atmospheric inversion

Atmospheric inversion has been used since the 1980s to study surface-atmosphere
fluxes of varying gases based on observations in the atmosphere (e.g. Fung et al., 1991;
Keeling et al., 1989; Prinn et al., 1990; Tans et al., 1989). The method relies on using a
model to describe the relationship between fluxes and observations of mixing ratios in
the atmosphere. With a given estimate of the fluxes, the model simulates the mixing
ratios at observation points (see Figure ). The inversion part of the method, uses the
mismatch between the modelled and observed mixing ratios to correct the original (or
prior) estimate of the fluxes. To make the correction, the mismatch has to be related to a
change in fluxes, and this is done by effectively inverting the relationship between the
fluxes and mixing ratios. Different types of observations may be used, also in
combination, such as atmospheric column observations from satellites, and
observations from ground-based stations.

model
observation

wind direction

mole fraction
mole fraction

Figure 2.1: Simplified representation of the principal of atmospheric inversion showing two observation sites with a
timeseries of observed and modelled mole fractions of a gas. The mole fractions at each site are a function of the
fluxes and the atmospheric transport. The shading on the ground indicates the combined (from both sites) modelled
sensitivity of the observations to the fluxes on a regular grid with darker shading indicating a stronger sensitivity.
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The atmospheric inversion methodology has a statistical basis, and often is derived from
Bayes’ Theorem. The theoretical aspects are presented in Section 2.2.

2.2. Model operators

To run aninversion, one needs a model relating the fluxes (or the variables of interest) to
atmospheric mixing ratios (or the observations). The problem of predicting the results of
observations given an estimate of the fluxes is called the forward problem, while the
problem of using the actual observations to infer the variables of interest (the fluxes) is
called the inverse problem. In the forward problem, the model (or operator) required to
relate the variables of interest, x, also known as the control (or state) variables, to the
observed variables, y, is called the observation operator, H, and can be written as:

H:x -y
or
y™ =H)

where y™ is the model output (e.g. mixing ratio). The control variables can be thought of
as a subset of the control space, and the observation variables can be thought of as a
subset of the observation space. Then the operator, H can be thought of as providing a
mapping from the control to the observation space.

In the inverse problem, the relationship is in reverse in the sense that mixing ratios (or
more generally observations) are the input and the fluxes (control variables) are the
output. In this problem, the operator used is often called the adjoint operator (H*) and
has as input the difference between the modelled and observed mixing ratios and the
sensitivity to the variables of interest (fluxes) is the output and is written as:

H*:y* - x*
where * indicates adjoint variables (see Section 2.2.2 for more about adjoint operators

and variables). Note that these guidelines follow the notation for data assimilation as
described by Ide et al. (1997) and the key variables are summarized in Table 2.1.

Although in reality the fluxes are continuous in space and time, itis generally not possible
to solve for continuous variables ®. Therefore, the fluxes (or control variables) are
described as discrete variables and are from here on represented by the vector x.
Similarly, the observations are represented by the vector y.

Table 2.1. Summary of the notation used in these guidelines.

Variable | Description

y Variable in the observation space

X Variable in the state space

H Observation operator, H: x — y

H* Adjoint operator, H*: y* — x*

M Forecast model operator, M: x;— x:+1 (where t is the time step)
P(-) Probability density function

E[-] Expected value

3 Unless the variables are parameters of a continuous function, however, it should be noted that input
data (such as meteorological variables) are always discrete variables.
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J(+) Cost function

R Observation error covariance matrix

B Background (prior) error covariance matrix

P Analysis (posterior) error covariance matrix (for Kalman methods P is used
for both prior and posterior covariance matrices)

G Gain matrix

K Kalman gain matrix

A Averaging kernel matrix

(-)? Analysis (posterior) variable

(+)° Background (prior) variable

(+)° Observation variable

()™ Model output variable (in the observation space)

(+) Avariable representing the true state

(-)* Adjoint variable

2.2.1. Observation operators

The observation operator describes the complete mapping of the control variables
(which can be fluxes as well as other variables) into the observation space. Generally, it
consists of a model of atmospheric transport (and where relevant, chemistry) and
possibly also contains other operation, such as spatial and/or temporal interpolation of
flux variables or averaging of simulated mixing ratios. The transport (and chemistry)
model used can be of varying complexity. In the atmospheric transport community there
are essentially two classes of models used: i) Eulerian models in which the coordinate
system is fixed in space and the equations solved (at least in theory) conserve energy,
momentum and mass, and ii) Lagrangian models in which the frame of reference is
moving with the flow. In practice, this is done by calculating the trajectories of virtual
particles as they move through the atmosphere.

In general, Lagrangian models tend to be preferred when modelling atmospheric
transport at high resolution and on regional domains because they have arbitrary
resolution as individual particles are followed at, in principle, infinite resolution. They
also exhibit less numerical diffusion compared to Eulerian models and because of this
they generally better capture tracer filaments generated by atmospheric dispersion
(Pisso et al., 2019) and fine structures in tracer mixing ratios resulting from long-range
transport (Rastigejev et al., 2010). On the other hand, Eulerian models may be preferred
for global budgets and long-term studies, and when assimilating satellite observations
(for more about this see Section 7.2). Hybrid Eulerian-Lagrangian models have also been
used, for example Ganshin et al. (2012) used a global Eulerian model to provide 3D fields
of mixing ratios that were used as initial conditions for a Lagrangian model run at high
spatial and temporal resolution.

The observation operator may cover different spatial domains, i.e., it may be global or
regional, and may cover different temporal domains, i.e., the time period which the
model is run. For instance, Lagrangian models are typically run in a backwards in time
mode when used in atmospheric inversions, where virtual particles are released at the
spatiotemporal coordinates of the observations and are followed back in time (reversing
the transport), typically for several days but in some cases up to 1 to 3 months (Vojta et

This project has received funding from the European Union’s Horizon Europe 12
research and innovation programme under grant agreement No 101081395




al., 2024; Puschel et al., 2025). Longer backwards runs become computationally
expensive and each additional calculation day provides progressively less information.
In the Lagrangian case, the temporal domain of the model differs for each temporal
coordinate of the observations. For atmospheric gases with lifetimes that approach, or
are longer, than the length of the backwards calculation, an estimate of the contribution
to the measured mixing ratio at the end of the backwards calculation is required - this is
often referred to as the background mixing ratio (see Section 2.4 for methods how this
can be estimated). If the spatial domain of the model is global, then the particle
trajectories can end anywhere in the global atmosphere. However, if it is regional, then
the particle trajectories end either within the domain or at its borders. Therefore, how the
background mixing ratio is calculated depends on the model’s spatial domain. In the
Eulerian case, the model temporal domain covers the full period of the inversion,
however, an estimate for the 3D field of mixing ratio is needed at the start of the inversion
period - this is often referred to as the initial mixing ratio. For regional domain models,
the mass fluxes at the lateral and top borders of the domain need to be accounted for.
For this, estimates of the mixing ratios at the borders need to be provided throughout the
time of the model simulation.

In these guidelines, we will refer to inputs at the spatial limits of the model domain as the
boundary conditions and the input at the start of the temporal domain(s) as the initial
conditions.

Linearized model operators

Some atmospheric inversion methods make use of a linearized model operator. The
linearized model operator is the gradient of the observation operator and describes the
sensitivity of an observation to a change in flux. The linearized model operatorisin fact a
Jacobian matrix with each element given by oH(x),/ox,for the jth observation and the kth
control variable. Lagrangian models run backwards in time directly derive a linear
operator, which is only applicable in cases where there is a linear dependence of the
mixing ratios on the fluxes. This linear operator is often called the source-receptor
relationship (SRR) (for a detailed description of how the SRR is derived see (Seibert and
Frank, 2004).

This Jacobian matrix may also be generated from Eulerian models by integrating the
model forward in time with a perturbation to each control variable (or flux grid cell) and
deriving for each observation the term oH(x);/oxx. This approach was used by e.g. (Fung
et al., 1991; Rayner et al., 1999) and more recently (Patra et al., 2016) . In principle,
atmospheric transport (in the absence of non-linear chemistry) is linear but in practice
numerical models generate non-linearity between the fluxes and the concentrations
when dealing with numerical problems, especially discretization, in Eulerian models.

2.2.2. Adjoint operators

While the observation operator relates the fluxes to the observations, the adjoint
operator relates the model-observation differences to a sensitivity to the fluxes. To
understand the adjoint operator, it helps to first consider the model sensitivity, i.e., the
perturbation of the output (mixing ratio) given a perturbation in the input (flux variables),
which can be represented as:

8yf" = Xk

0H (x);
% 6xk (2.1)
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where dx, is the perturbation to the k" flux variable and, oH(x)/0xx is an element of the
linear(ized) model operator (for simplicity, in the following H(x); is replaced by y™). To
assess the performance of the forward model different criteria may be used, but a
particularly useful quantity is the mean square model error, represented here by J:

1 2
Ji =72 " =) (2.2)

where g;is the observation error. The sensitivity of the mean square error (also called the
cost), dJ to a perturbation in the outputs (mixing ratios) is:

—yM 9 ¢ om
6] = 2]- 2y 8y; (2.3)
However, a more useful measure is the sensitivity of the cost to the input (fluxes), 0J/ox
(this sensitivity is used in the solution to the inverse problem, see Section 2.5). This
sensitivity can be derived efficiently using the adjoint operator as in the following:
9] _ yKOHXk 0]
ox;j - Zk ox; oy (2.4)
Note, in equation (2.4) the indices are reversed with respect to (2.1) since the roles of
input and output are reversed and the Jacobian, oH(x)«/0x; is the transpose of the
Jacobianin (2.1) and is the adjoint of the linear(ized) model operator, denoted H*. Using
the definition of J in (2.2) and inserting this in (2.4) gives the sensitivity of the cost with
respect to the fluxes based on the model-observation error:

a ——
é = H'R l(ym _yO) (2.5)

Where R is the observation error covariance matrix with the variances ¢? as the diagonal
terms. A good introduction to adjoint models can be found in (Errico, 1997) and their
derivation is described in (Giering and Kaminski, 1998).

Note that not all inversion methods explicitly require an adjoint operator, such as
ensemble methods, which are discussed in Section 2.5.4. Moreover, if the observation
operator can be expressed as a matrix operator, H, then the adjoint operator is simply
the matrix transpose, H'. This is the case for Lagrangian models run backwards in time,
even when they include first-order chemical reactions or deposition processes. For this
reason, Lagrangian models are said to be self-adjoint.

2.2.3. Operator input and output

The input to the observation operator (where here the operator is the mathematical
mapping from the control space to the observation space) is the vector of fluxes (and/or
other variables that one wants to improve the knowledge about). The output of the
observation operator is a vector of mixing ratios (or concentrations).

The input to the adjoint operator is the vector of the model-observation discrepancy
weighted by the observation error. The output of the adjoint operator is the gradient, oJ/ox
or in other words the sensitivity of the cost to the fluxes (see Equation 2.5).

2.3. Inversion theory

This section provides the theoretical basis for how the posterior control vector (fluxes
and/or othervariables) can be derived. The problem of estimating the fluxes based on the
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observations is most often not well-constrained, therefore, it is not possible to derive an
exact solution for the control variables. There may be variables in the control vector, x to
which the observations are insensitive and thus perturbations to these variables will
result in the same predicted values (such variables are said to lie in the null space of the
observation operator). For this reason, the inverse problem cannot simply be solved as:

x = H1ly

even if Hwould in principle be invertible (and generally it is not) since H is most likely ill-
conditioned (meaning that its inverse may be numerically unstable and inaccurate).
Solving the problem using simple least squares is also problematic because H'H is most
likely also ill-conditioned and because the control variables are often correlated®.
Therefore, a method of regularization is needed to make the poorly constrained (or ill-
posed) problem solvable. There are different approaches to do this, either by modifying
the matrix to be inverted to decrease its condition nhumber, such as the Tikhonov
regularization (Tikhonov and Arsenin, 1977), or by using prior information about control
variables and consideration of probability. In these guidelines, the latter approach is
used, but regularization methods can be used to derive a similar solution.

In the probabilistic approach, Bayes’ Theorem provides a method to derive the posterior
probability distribution function (PDF) for the control vector combining information from
the observations and prior PDF of the control vector. The posterior probability of the
control vector, x given the observations, y° is the conditional probability, P(x|y°) and is
proportional to the conditional probability of making the observations given some value
of the control vector (also known as the likelihood), P(y°|x), multiplied by the prior
probability of the control vector, P(x):

P(x]y°) & P(y’|x) P(x) (2.6)

Note that although P is used to denote all the PDFs they are not the same function. The
best estimate of x (called the analysis or posterior, x?) is usually taken to be the mean or
mode of P(x|y°). (From here on, we use the terminology posterior). The solution
corresponding to the mode, i.e., the maximum of the posterior PDF is called the
maximum a posterior probability (MAP) and is most commonly used (at least for
Gaussian PDFs). When the likelihood, P(y°|x) and prior probability, P(x) are Gaussian
PDFs, then the posterior PDF is also Gaussian and the MAP solution is the same as the
mean and median of this PDF.

The prior PDF, P(x) describes the knowledge about the control variables before
observations are considered and can be expressed as the deviation around the prior
estimate of x?, P(x — x®) (if P is defined for all x — x°). If the PDF is Gaussian this can be
written as being proportional to:

P(x) o exp (— % (x—x2) B (x - xb)) (2.7)
Where B is the error covariance described by:
B=E [(x —xP)(x - xb)T] (2.8)

*The least squares problem minimizes the equation: argmin||H (x) — y°||? and, if H(x) can be expressed
as a matrix operation, the least squares problem can be computed by solving: H'Hx = HTy°
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Conditional probability P(y°|x) describes the probability of making the observations, y°
given a particular value of x. Again, assuming a Gaussian PDF, this can be written as
being proportional to:

PO°I) o exp(—3 (HG) — )R (H@ - y7)) (2.9)
where R is the observation error covariance described by:

R=E [(y" —HxH)(y° - H(xt))T] (2.10)

where H(x!) is the model output given the true fluxes, xt. Note that R formulated this way
accounts for the error introduced in the observation operator.

By inserting (2.7) and (2.9) into the expression for Bayes’ theorem (2.6) and taking the
natural logarithm we can derive the function (termed the cost function):

J(x) = —InP(x]y°) « %(x — xb)TB‘l(x —xb) + %(H(x) —y)TRI(H(x) — y°) (2.11)

The x that minimises this cost function corresponds to the maximum of the posterior
probability (i.e., the mode of the distribution).

If the posterior PDF is in the same probability distribution family as the prior PDF, then
these are said to be conjugate distributions with respect to the likelihood function, and
prior PDF s said to be the conjugate prior of the likelihood function. The corollary of this,
is that choosing a conjugate prior for the likelihood function, means the posterior PDF will
be the same family as the prior PDF and will have a closed form expression, which
enables direct calculation of posterior moments and a clear relationship between prior
and posterior parameters. In these guidelines, generally Gaussian PDFs will be used
unless otherwise stated.

24. Inversion implementation

This section introduces the general considerations needed to set-up an atmospheric
inversion. Advice for specific species are provided in Sections 3to 6.

2.4.1. Resolution, discretization and aggregation

Although in reality the fluxes are continuous in space and time it is impossible to solve
these as such. Therefore, the variables (and the model) need to be discretized in space,
such as on a grid, and in time, such as averages over a given time interval. The variables
may alternatively represent parameters in a function describing the fluxes. The model
resolution and how the variables are discretized can have a significant influence on the
results, and this choice should be given some attention.

2.4.1.1. Errors associated with model transport and resolution

The observation and adjoint operators have a finite resolution (for practical reasons,
even for Lagrangian models the output SRR needs to be discretized in space and time).
This represents the finest resolution at which the influence of the fluxes on the
observations can be resolved, and the choice of this resolution is important in two
contexts: 1) The representation of atmospheric transport. This can be especially
important for observations in complex terrain where the finite resolution of model
orography can result in large differences between the model surface elevation and the
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actual elevation of an observation. Furthermore, owing to the limited resolution (also of
the meteorological fields used to drive the transport model), the model may not capture
atmospheric flows that are important locally for the observations, such as mountain
valley circulations, or for coastal sites, land-sea breezes e.g. (Geels et al., 2007; Pillai et
al., 2011; Wang et al., 2017). Even at high-resolution, model errors occur and can be due
to errors in the wind fields used or due to the model parameterizations e.g.
(Katharopoulos et al., 2023) . 2) The importance of subscale variability in the fluxes. For
instance, if an observation is sensitive to the distribution of fluxes within the unit of
discretization (e.g. grid cell and/or time interval) since the distribution is not represented
it will result in a modelling error. Together, these types of error are called model
representation error. Model representation error is challenging to estimate and, as
discussed above, there are different causes of this error.

There are different approaches for estimating the first type of error, i.e., model transport
error, and three of these will be discussed here (in no specific order). 1) The firstapproach
involves examining the spatial and/or temporal variability in the model around the
observation point (such as the gradient between horizontally and vertically adjacent grid
cells) and using this as a proxy for the transport error (e.g. Bergamaschi et al., 2005;
Rodenbeck et al., 2003). 2) The second approach involves comparing the modelled and
observed mixing ratio (or concentration) of a species for which the fluxes are assumed to
be well-known. There are very few species (if any) for which this assumption can be
made, but one species that has been used in several studies is Radon-222 (Broquet et
al., 2011; Koffi et al., 2016). However, this method is also limited by: i) uncertainties in
the Radon fluxes (Karstens et al., 2015), and ii) the fact that there may be differences in
the spatiotemporal distribution between the fluxes of interest and the fluxes of Radon,
affecting the simulation of both species, as well as due to the half-life of Radon-222 (3.8
days) which limits the approach to the influence of the past few days. 3) The third
approach uses the difference in mixing ratios simulated by different models or model
set-ups (including one or more of meteorological forcing, boundary conditions,
resolution and parameter choice). The difference in mixing ratios from the different
models or model set-ups is used as a proxy for the transport error (e.g. Munassar et al.,
2023; Pillai et al., 2012; Wang et al., 2017; Steiner et al. 2024b).

A method for estimating the second type of error, i.e., due to the lack of sub-grid scale
flux variability, is presented by Bergamaschi et al. (2010). Their method uses the
influence of the prior emission in the grid cell where the observation is located as a proxy
and assumes that the emission is instantaneously mixed within the boundary layer and
calculates the influence as the integrated signal over a timescale of horizontal advection
of air mass.

2.4.1.2. Errors associated with control vector discretization

Another consideration is the resolution of the variables (e.g. fluxes) to be optimized and
how these are discretized, namely how the control vector is specified. It is not necessary
that the control variables are at the same spatiotemporal resolution as the model and
there may be good reasons for aggregating the variables in space and/or time. For
instance, variables may need to be averaged to reduce the size of the control vector for
computational reasons. Another reason is because the observations may not provide
sufficient information to constrain the variables at the resolution of the model, resulting
in strongly correlated errors between the posterior variables.
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When averaging the variables, it is important to consider their variability in space and
time, and how sensitive the observations are to this. Specifically, when the variables are
averaged, not resolving their variability will result in model error - this type of error is
called aggregation error (see Figure 2.2). A good overview of aggregation error is given by
Kaminski et al. (2001) who also describe a method for estimating the aggregation error in
the observation space. The spatial and temporal pattern on which the variables are
averaged should be chosen to minimise the aggregation error. One approach is choosing
regions (and time intervals) over which the variability is minimized. This may be e.g.
ecosystem type and geographic region for CO, land biosphere fluxes as used in
Chevallier et al. (2006) and Peters et al. (2007). Another approach is to aggregate in areas
where the linearized model operator is not very sensitive, i.e., where the fluxes have only
a weak influence on the observations. This approach has been used by e.g. Thompson
and Stohl (2014) and Gomez-Ortiz et al. (2024) who based the aggregation on the SRRs
derived from a Lagrangian model. Bocquet et al. (2011) present a formal optimization of
the aggregated grid using various criteria.

a) No aggregation b) Aggregation of state variables c) Aggregation of state variables
and observation operator
4r- 4+ 4
2+ 2+ 2+
@ -2 - o @ — -
0 -0.5 0 @ -0.5 0
* ~ * - x -
@ 1 2 - @ 2 o 2 e
-4 -4 — -4

Figure 2.2: Schematic illustrating aggregation error for a two variable case. The boxes with grey hatching represent
the controlvariables and the corresponding observation operator (or SRR). The values of the observation operator are
given by the numbers in circles and the numbers in the boxes are the values of the fluxes. The star represents the
observation location. The black points in the vertical bars on the right indicate the observed value (observation units),
which is the integral of the fluxes and the observation operators. a) case with no aggregation, b) with aggregation of
the state variables (mean value of the two flux variables), and c) aggregation of the state variables and observation
operator (mean values of both) with the observation operator now applying to the area equivalent to two boxes. Note
thatin each case (a) the resulting modelled value in the observation space (black dot) is different to cases (b) and (c).

2.4.2. Domain, initial and boundary conditions

The choice of the inversion domain size, where the boundaries are located, and the
boundary conditions warrant consideration. Generally, the smaller the inversion domain
is, the more important the boundary conditions will become.

Related to the boundary conditions, are the so-called background mixing ratios. The
background mixing ratios describe the influence of fluxes and atmospheric transport
(and chemistry) at the observation points from outside the spatiotemporal domain of the
model. Note that not all inversion frameworks need an estimate of the background
mixing ratios as input (e.g. Eulerian models only need an estimate of the initial conditions
and the mixing ratios atthe boundaries), however, it is still a useful quantity for evaluating
an inversion.

An estimate of the background mixing ratios is required for Lagrangian models and is
used when comparing the model output (e.g. mixing ratios) with observations:

y™ = Hx + y?9
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Where y*¢ is a vector of background mixing ratios (note here the observation operator is
given as a matrix as is the case for observation operators based on SRRs). A number of
methods have been proposed to estimate the background mixing ratio: 1) Based on a
filtering of the observations to approximate the signal which is assumed to represent the
background, such as the REBS (Robust Extraction of Baseline Signal) method (Ruckstuhl
et al., 2012). 2) Using measurements, such as from aircraft or a “clean” background
station to sample air presumed to represent the background. 3) By calculating it through
coupling the end points of the Lagrangian model’s backwards trajectories to an estimate
of the 3D mixing ratio field, such as from a global coarser resolution model, such as the
Global Distribution Based (GDB) method (Thompson and Stohl, 2014; Vojta et al., 2022).
In the case the trajectories are calculated beyond the inversion domain, the contribution
from fluxes outside the domain also needs to be estimated, using for example a global
prior estimate of the fluxes.

A detailed comparison of methods (1) and (3) is given in Vojta et al. (2022) and they argue
against using method (1). In principle, the longer backwards in time that the trajectories
are calculated, the smaller the amount of variability in the observations that is explained
by the background. However, method (1) does not account for this, which can lead to
biases in the posterior fluxes (see Figure 2.3). There are also further issues with method
(1) for continental sites (or for sites close to sources) for which there may be no instances
when the observation represents the background signal. Method (2) may be suitable for
small domains and inversions over short time periods for which the boundary mixing
ratios can be sampled, and when the locations of the boundaries are chosen such that
the mixing ratios at the boundaries do not vary strongly. This method, however, is not
plausible for inversions covering longer time periods and/or larger domains.

For regional Eulerian models, there are also a couple approaches for dealing with the
influence from outside the spatial (and temporal) domain. One is the “2-step” method
proposed by Rodenbeck et al. (2009), which describes coupling a regional model to the
output of a global model. In this method a global model is run forwards in time with
(optimized) fluxes but with fluxes over the regional inversion domain set to zero. The
mixing ratios from this global run are sampled at the observation points to determine the
background mixing ratios. One drawback of this method is that the background is only
calculated using the coarse global modelled transport. Alternatively, the mixing ratios
from a global model can be provided at each model time step at the boundaries of the
regional model (e.g. Nesser et al., 2025). This approach uses the higher resolution model
to determine the influence of the boundary conditions at the observation points.
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Figure 2.3: Comparison of background calculation methods for SFes at the example site, Gosan showing: (a to c) the
REBS method and (d to f) the GDB method, both with Lagrangian backwards in time calculations for 1, 10 and 50
days. Note that for the GDB method, the background contribution decreases with increasing backward calculation
time, while the flux contribution increases. For the REBS method, the background remains constant, thus producing
a negative bias for short backward calculation times and a positive bias for longer ones.

2.4.3. Prior fluxes

Prior fluxes used in atmospheric inversions may be based on e.g. process-based models,
empirical models, emission inventories, or a combination of these. These different types
of methods that are not based on atmospheric observations are often collectively
referred to as bottom-up methods because they involve scaling-up small-scale
processes in physical or empirical models to gridded, regional, national and global flux
estimates. Prior fluxes should be viewed as first guess estimates that provide some
constraint based on existing knowledge, such as the spatial and temporal patterns,
rather than as accurate representations of true fluxes (Enting, 2002).

There are some considerations on what can be used for the prior fluxes. First, Bayes’
Theorem requires that the prior estimate is independent of the observations. Thus, the
prior cannot be based on a previous result that relies on the same observations as used
inthe inversion (or a subset of these) (e.g. Rodgers, 2000). Second, the prior fluxes should
be, as far as possible or practical, an unbiased estimate of the true fluxes. Thus, they
should represent as close as possible the flux variables in the inversion that are targeted
in the optimization.
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A discussion of priors, and their uncertainties, for specific species is given in Sections 3
to 6 as well as example datasets used for defining priors. Section 2.6 discusses methods
for evaluating and optimizing the parameters defining the prior error covariance matrix.

2.5. Methods to solve the inverse problem

To find the estimate of x that corresponds to the maximum a posterior (MAP) solution,
one needs to find x that minimises the cost function (2.11). If the forward model s linear
or close to linear, and given the quadratic form of (2.11), the solution is that for which the
gradient of (2.11) is equal to zero:

V/(x) =B (x—xP) + H'R *(H(x) — y°) (2.12)
Note in (2.12) that the adjoint operator H* is used to determine the gradient of cost
function with respect to x in the observation space, as derived in Section 2.1.2. If the
observation operator can be expressed as a matrix, H, then the adjoint is the matrix
transpose H'. There are different methods of solving (2.12) and which one is chosen
depends on a number of considerations. If the observation operator can be stored as
matrix, H, then an analytical solution is possible. If not, then other solutions, such as
gradient methods or ensemble approaches are required. If the model is not close to
linear, then there are a couple of options, such as: 1) using a linearized model operator,

which is called from an outer loop over the non-linear model, or 2) using Monte Carlo
methods (see Section 2.5.4.1).

In addition, considerations such as computational efficiency play a role in which method
is most suited for a specific problem. Particularly important for this is the size of the
control and observation vectors. The size of the control vector (dimension N) obviously
also determines the size of the error covariance matrix B (N x N) and calculating the
inverse of this matrix may be a computationally demanding step for large N. The
observation vector (dimension M) may also be very large, although often diagonal R
matrices are used (and for some methods this is required) meaning the calculation of the
inverse is fast. However, there are cases when correlations between observations
should be accounted for. (For more about B and R matrices, see Section 2.6).

In the case of a linear or linearized model, the posterior error covariance matrix can be
found from the second derivative of the cost function (Fisher and Courtier, 1995):

P=(V?})'=(B*+H'R'H)! (2.13)

If the observation operator can be expressed as a matrix, there is the possibility to easily
calculate a number of inversion diagnostics. Rodgers (2000) presents a number of useful
inversion diagnostics. One diagnostic is the averaging kernel, A, which quantifies the
sensitivity of the posterior fluxes to the prior estimates, and is derived as follows:

x® = xP + G(y° — Hx?) where G = (HTR"'H+ B~)"'HTR™!  (2.14)
x® = xP + G(H(x' — xP) + &) where € is the observation error (2.15)
x® = xP + A(x* — xP) + Ge where A = GH (2.16)
x* = (I- A)x" + Ax' + Ge (2.17)
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It follows from (2.17) that the posterior fluxes are a weighting between the true fluxes and
the prior fluxes with some error. The weighting, described by A, depends on the degree of
observational constraint, and the error is proportional to the observation space error.
This is the case no matter what method is chosen to solve the inverse problem.

In the following sections a brief introduction to a number of different methods is provided
and key references are given for further reading. The methods presented in this section
are those that are currently most commonly used in the atmospheric inversion
community but there are also other methods for solving the inverse problem, which are
not presented here.

2.5.1. Analytical solution

The analytical solution refers to directly solving (2.12) for x using matrix inversion (see
Figure 2.3). Theoretically, this is the most accurate method to solve the inversion
problem. However, in practice limited numerical accuracy can sometimes lead to
problems in matrix inversion. By setting (2.12) to zero and applying some algebra (for a
full derivation see Chapter 2 of Rodgers (2000)) one can derive the following expression
for x?:

x* = x + (HTR™'H+ B™1)"'HTR™!(y° — Hx?) (2.18)
By further rearrangement one can derive an alternative but equivalent expression for x*:
x* = x? + BHT(HBH™ + R)™!(y° — Hx?) (2.19)

The important difference between these two expressions is the matrix in parentheses,
which needs to be inverted. In (2.18) this matrix is H'R'H + B"', which has dimensions (N
x N) and (2.18) is sometimes referred to as the N-form, whereas in (2.19) the matrix that
needs to be inverted, (HBH™ + R), has dimensions (M x M) and (2.19) is sometimes
referred to as the M-form. For large matrices, calculating the inverse can be
computationally demanding, therefore, the choice of the N-form or the M-form can make
a large difference in computational efficiency. However, the condition number of these
matrices can differ to the extent that one equation may lead to a poorer result than the
other. In some cases, results can even become numerically unstable.

observation
operator, H

adjoint obs.
Ry -y™)

analytical
solver

Figure 2.4: Schematic of analytical solution. The grey boxes indicate inputs to the inversion and the red box indicates
output from the inversion.

In summary, the analytical method is easy to implement if the observation operator is

linear (or can be linearized) and can be expressed as a matrix and kept in memory (note
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determining H can be challenging for Eulerian models). This method also allows direct
calculation of the posterior error covariance matrix as well as other useful diagnostics
(see Section 9 for more on diagnostics).

2.5.2. Kalman Filters

The Kalman Filter (Kalman, 1960) is used in many smoothing, filtering, and data
prediction applications. The advantage of the Kalman Filter (KF) is that it does not require
the full observation matrix in memory since it assimilates observations, or batches of
observations, sequentially, updating the estimate of the control vector and its
uncertainty in each iteration (see Figure 2.5). The KF is recursive in the sense that only
the estimated control vector from the previous step and the observation in the current
step are needed to compute the update. The KF and its variants have been used in several
atmospheric inversion studies (e.g. Brunner et al., 2012; Prinn et al., 2005; Varon et al.,
2023) and is straight forward to implement.

In the KF, the prior estimate of the control vector, x (dimension N) at time step t can be
defined by propagating forward the control vector from the previous timestep with a state
transition operator, F(N x N) and accounting for error in this operator, w (N):

Xeje-1 = FxXp_qpq +w (2.20)

where t|t-1 signifies that this is the prior estimate for timestep t and is based on
observations up to and including time t-1, whereas t-1|t-1 signifies the posterior estimate
for timestep t-1. The error in the state transition is Gaussian distributed with covariance,
Q (N x N):

Q = E[ww'] (2.21)
The observation at timestep t can be modelled according to:

Ye = Hexyeq + v, (2.22)
where v; is the observation error with known covariance and is independent of w.

R = E[vv] (2.23)
The update to xis calculated by combining the prior estimate with the new observation:
Xt = Xge-1 t Kt(}’? - Htxt|t—1) (2.24)

where K is the Kalman gain matrix and the term y° — Hxy..1 is called the innovation (note
for a single observation the innovation is scalar and K; has dimension (N x 1)).

The Kalman gain is calculated as:
-1
K; = Py, Hf (HP;-,H" +R,) (2.25)
where Py:.1 is the prior error covariance matrix (N x N):
T
Pije—1 =E [(x% - xt|t—1)(x€ - xt|t—1) ] (2.26)

and can be obtained by propagating forward the error covariance matrix from the
previous timestep:

Preq = Fl:'t—1|t—1FT +Q (2.27)
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The update to give the posterior error covariance matrix is:

Pt|t =1- Kth)Pt|t—1 (2.28)

The KF sequentially assimilates observations at each timestep by looping over the
propagation and update steps.

If the model is perfect and the covariances are known exactly, then the KF provides the
best non-biased estimate of the state variables. In reality though, this is unlikely the case,
and choosing appropriate covariances R and Q is essential to having a successful KF set-
up. Brunner et al. (2012) use a maximum likelihood approach for determining the
parameters of R and Q which is a common approach in KF applications (Harvey, 1990;
Simon, 2006).
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Figure 2.5: Schematic of the Kalman Filter.

2.5.3. Gradient methods

Gradient methods provide a solution to the gradient equation (2.12) without the need for
specifying the observation operator, H, as a matrix (see Figure 2.6). Because of this,
gradient methods are widely used in atmospheric inversion (e.g. Berchet et al., 2021;
Bergamaschi et al., 2009; Chevallier et al., 2005; Thompson et al., 2025; Villalobos et al.,
2021).

Gradient methods fall into the category of variational assimilation, which solve the
inversion problem using all observations in the assimilation period at once (Rabier and
Liu, 2003). According to this definition, the analytical solution given in Section 2.5.1 is
also a variational (Var) method and can be defined as a 3D-Var approach as the
observation operator, H, considers variations in 3D space. An extension of this is the 4D-
Var approach, in which the observation operator also includes a dynamical model to
evolve the atmospheric state in time. Variational methods are widely used in numerical
weather prediction, and their use in atmospheric inversions largely stems from this
application.
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Figure 2.6: Schematic of the generalized gradient method. This is an iterative method with a loop around the
observation operator, the calculation of the adjoint observation, adjoint operator and minimizer.

Gradient methods solve the gradient equation iteratively (using all observations at once),
by calculating the gradient for the current value of the control vector, VJ(x;), which gives
the direction of steepest increase in J(xi), then proceeding in the opposite direction,
-VJ(x), i.e., the direction of steepest descent, for a given step size, a. Gradient methods
differ principally in how they determine the step size. The gradient of the cost function
VJ(x) can be determined without the need for explicitly stating H" by using the adjoint
operator as discussed in Section 2.1.2. An excellent introduction to gradient methods,
and especially the conjugate gradient method, is provided by (Schewchuk, 1994).

The gradient method solves equations of the form:

Vi(x)=Ax—0»b (2.29)
where A is a symmetric positive definite matrix.

The steps in the generalized gradient method can be summarized as follows:

i) Start with a first (prior) estimate of the control vector, x; = x°. Apply the observation
operator to calculate the observation-model mismatches (H(xi) — y°).

ii) Calculate the gradient of the cost function, -VJ(x;) using the adjoint operator.

iii) Find the optimal step size, a.

iv) Update the estimate of the control vector according to:

Xip1 = X — V] (x;) (2.30)
v) Check for convergence, if not converged repeat.

2.5.3.1. Conjugate gradient method

In the conjugate gradient method, each descent direction is chosen such that it is
orthogonal to the previous descent direction guaranteeing that it is linearly independent
(Schewchuk, 1994). Choosing the descent direction as the gradient -VJ(x;) fulfils this
requirement.

By relating the gradient of the cost function (2.12) to equation (2.29), it can be seen that
A is the matrix: (B + H'R'H), which is also the Hessian of the cost function and is
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symmetric and positive definite. This makes the conjugate gradient method an ideal
choice for solving the gradient equation.

The conjugate gradient can be summarized as follows:
i) Choose the first descent direction:
di=-9;=-V](x;) (2.31)

ii) Calculate the step size as:

dld;
A = it 2.32
1 d?]”di ( )
iii) Calculate the new estimate:
Xitq1 = Xx; + Ofidi (2.33)

iv) Calculate the gradient at the new estimate:
giv1=9; taj"d; (2.34)
v) Calculate the new descent direction as:

91419i
diy1 = —Giv1 + Bid; where Bi = ;§—!;H (2.35)
vi) Check for convergence, and if not converged repeat.

In(2.32and 2.34) J"d;is the Hessian of the cost function applied to the descent direction,
which, following (Fisher, 1998), can be approximated as:

J'd; ==V (%o + Td) — go) (2.36)

where T is a small number, but large enough to avoid problems with humerical rounding
errors. Equation (2.36) requires calculation of VJ for the vector x, + td.. Thus, for each
iteration, the gradient needs to be recalculated, which involves applying the observation
operator and adjoint operator. Fortunately, the conjugate gradient algorithm converges
quickly minimizing the computational cost.

2.5.3.2. Quasi-Newton methods

Quasi-Newton methods are derived from the Newton method for finding the extrema of
a function and have some similarities to gradient methods. In the Newton method, a
second order Taylor expansion around an iterate is used to find the minimum of J(x):

J(x + Ax) =~ (]’(x))TAx + %AxT]”Ax (2.37)

where J"is the Hessian matrix of the cost function. Calculating the gradient of (2.37) and
setting this to zero, provides the Newton step:

Ax=—(J")7 ' (x) (2.38)
And then x is updated as:
Xiy1 = X; + Ax; (2.39)

In quasi-Newton methods, the Hessian matrix is not used (as this can be
computationally expensive to calculate) but instead an approximation of it, V where the
definition of this matrix distinguishes the different quasi-Newton methods. In the BFGS
variant of the algorithm, V is updated at each iteration as:
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ziz;-r ViAxl-(ViAxi)T
z'l-rAxi Ax?ViAxi

Vier = Vi +

where z; =] (Xi41) =) (x1) (2.40)

The quasi-Newton method can be summarized as follows:

i) Choose an initial approximation for V, for the first guess of the control vector, x;= x?
and calculate the gradient

ii) Update the control vector:
Xiv1 = X — a; Vi (%) (2.41)

where a; is the step size and satisfies the Wolfe conditions®.
iii) Calculate the gradient of the new control vector J'(xi.1)
iv) Calculate the new approximation to the Hessian, Vi,
v) Check for convergence, if not repeat from step (ii)

2.5.3.3. Pre-conditioning

The rate of convergence for gradient and quasi-Newton methods can be further improved
by pre-conditioning, i.e., by transforming the matrix A to improve its condition number.

In preconditioning, the equation Ax = b is multiplied by some matrix, M™:
MIAM DTy =M"1h where y = MTx (2.42)

Where the transformed matrix M'A(M")"is also symmetric positive definite but has a
smaller condition number, meaning that the solution can be reached in fewer iterations.
A useful choice for M'is the square root of the inverse of the prior error covariance matrix
such that x = B”x, which has been used by e.g. Chevallier et al. (2005).

2.5.4. Ensemble methods

Ensemble-based approaches also have the advantage that they can be used in the case
that the observation operator cannot be expressed as a matrix or kept in memory and
have the additional advantage that they do not require an adjoint operator. Furthermore,
ensemble methods may be also used to solve inversions for which the model is non-
linear (the degree of non-linearity that can be handled depends on the specific method).
These methods are also generally simple to code, although some of them can be
computationally demanding limiting their application on large problems. Here, only two
ensemble approaches will be presented, both of which have been used in atmospheric
inversion studies.

2.5.4.1. Markov Chain Monte Carlo methods
Markov Chain Monte Carlo (MCMC) methods generate sequences of samples (or in
statistical terminology “events”), the probability of which depends on the previous
sample. Here, only one MCMC algorithm will be discussed, and that is the Metropolis
algorithm (MA), which has been used in atmospheric inversion studies e.g. (Ganesan et
al., 2014; Rigby et al., 2011). This method is appropriate to use also for non-linear
problems where there may be local minima.

The MA works by first drawing a sample from a distribution (here this will be referred to
as the prior distribution, P?(x)). This sample is then accepted or rejected based on the
acceptance probability, and if it is accepted a new sample, x; is generated by drawing

5 The Wolfe conditions are a set of inequalities for performing inexact line search especially in quasi-
Newton methods, first published by (Wolfe, 1969).
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from a conditional probability distribution, Q(xi|xi.1) given the previously accepted
sample, x;.1.. The distribution Q is called the proposal density or jumping distribution and
is commonly a Gaussian distribution (as was also used by Rigby et al. (2011) and
Ganesan et al. (2014)). In this way, the MA generates a Markov chain of samples (see
Figure 2.7). The sequence of all accepted samples defines the posterior PDF, P?(x|y°) (or
in statistical terminology, the target distribution). As the number of samples increases
the closer the distribution becomes to the posterior PDF.

Pe(x)  initial sample

\

sample rejected
/

new sample
proposed based on
probability Q(x |X_,)

Figure 2.7. Metropolis algorithm showing a sample drawn from a prior distribution and a random walk generating a
sequence of samples forming the posterior distribution.

The derivation of the MA stems from the fact that the probability for new samples must
fulfil the condition of detailed balance, i.e., the probability, P' of transitioning from x;.1 to
x; must equal that of transitioning from x; to X1

Pt (x| xim )P (xi_1|y°) = P (xi_1x) P4 (x;]y°) (2.43)
Using this condition, and the definition of the transition probability:
P (x;|xi—1) = Q(a|x;—1)A(x;, x;_1) (2.44)

where A(xi.1,Xi) is the acceptance distribution, then inserting (2.44) into (2.43) gives:
ACipxi-1) _  PT(xily?)Q(xi—q|xi)
Alxi—1,x)  PA(xi—1]|y?)Q(xi|xi-1)
The acceptance probability, A is chosen such that the condition in (2.43) is fulfilled, and
in the Metropolis algorithm it is chosen to be:

— i PA(xily°DQ(xi—1lxil)
A(x;, X;-) = min (1'Pa(xi_1|y°|)a(xi|xi_1|>) (2.46)
Equation (2.46), is the generalized MA (often referred to as the Metropolis-Hastings
algorithm), in which the proposal density, Q, does not need to be symmetric (Chib and
Greenberg, 1995). In the case that Q is symmetric (2.46) simplifies to:

(2.45)
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A(x;,x;-1) = min (1 M)

" PA(xi-1]y°)
and from (2.47) it is easy to see that if the probability, P?, of the proposed sample, X is
greater than that of x;.; then A(xi|xi.1) = 1. This sample is then finally accepted or rejected
based on the following criteria where u is a uniform random number u € [0, 1]:

(2.47)

if u < A(xi|xi.1), accept the new sample
if u> A(xi|xi.1), reject the new sample

Although in the above equations, the ratio of P?(xi|y°) to P?(xi.4|y°) is used, in fact only a
function, let’s call it f(x), is needed, where f(x) is proportional to P? since the normalizing
constant for P? cancels out.

Although the MA is easy to implement, there are a number of important considerations
before choosing the MA for the application of atmospheric inversion:

1) Burn-in period

The samples early in the Markov chain may not represent the posterior (or target)
distribution, which is especially true if the initial sample has a low probability. Therefore,
it is usual to have a “burn-in" period in which the samples are discarded to achieve
independence from the initial sample. The number of samples discarded may need to be
quite large, e.g. Ganesan et al. (2014) discarded the first 25,000 samples in their burn-in
period.

2) Autocorrelation

The samples in the Markov chain are correlated with each other and, as a result, may not
accurately represent the posterior distribution. To achieve independence among the
samples, and thereby improve the representation of the posterior distribution, the
samples can be selected, e.g., by choosing only every nth sample, where nis determined
from the autocorrelation length of the samples.

3) Computational cost

To achieve an accurate representation of the posterior PDF, a large number of samples
is often needed. For instance, Rigby et al. (2011) used 10° samples in their study with a
control vector of size N = 322. For each sample, the calculation of the acceptance
probability, A, requires calculation of the cost, which requires the applying the
observation operator to compute y™. Thus, unless the observation operator calculations
are very fast, the MA (and MCMC methods in general) come at considerable
computational cost.

2.5.4.2. Ensemble Kalman Filters

The Ensemble Kalman Filter (EnKF) was developed by (Evensen, 1994) and can be
considered as a Monte Carlo implementation of the KF. The main advantage of the EnKF
is that it can handle very large inversion problems with many control variables and,
additionally, it is relatively straight forward to implement. While there are many variants
of the EnKF, only one of them will be presented here, i.e., the Ensemble Square Root Filter
(EnSRF), which is one variant thatis commonly used in atmospheric inversions at present
(e.g. Laan-Luijkx et al., 2017; Peters et al., 2005; Steiner et al., 2024a; Thanwerdas et al.,
2025) (see Figure 2.8). A clear and comprehensive explanation of the EnKF and EnSRF is
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given in Thanwerdas et al. (2025) based on earlier work (Houtekamer and Mitchell, 2001;
Peters et al., 2005; Whitaker et al., 2002). Therefore, only a brief description of the
algorithm is presented here.

79 9@
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transition (iterate over
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S < /

<
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Figure 2.8: Schematic of the EnKF. In the sequential filter (described below) the algorithm iterates over each
observation in the assimilation time window. There is also an outer loop over the assimilation time windows. The
matrices L1 and L2 are localization matrices (described below).

In the EnKF, the uncertainty of the control vector is represented by an ensemble, with the
ensemble mean representing the best estimate of the control vector and the ensemble
covariance representing the error covariance. (Note, alternatively, the ensemble can be
described as perturbations from the mean control vector and, in this case, the mean of
the ensemble is zero and this is the implementation described below). The error
covariance, P is approximated in fewer dimensions than the control vector using an
ensemble of size S:

p= ﬁx’x’T (2.48)

(note that the matrix P approaches the true error covariance matrix as S = ). The matrix
X'has as its columns S individual vectors, which are deviations from the mean:

X' = (x1,%5, ..., X5) where x; = x; — X (2.49)

The minimum covariance estimate of the mean control vector is given by the KF update
equation:

x? = xP + K(y° — Hx?) (2.50)
Where x%and xPare the posterior and prior means of the ensemble, respectively, and K
is the Kalman gain with dimension N x M (where M is the number of observations):

K = PPHT(HP’HT + R)™! (2.51)

The primary advantage of the EnKF is that Kalman gain matrix, K can be derived from the
ensemble without requiring the matrix H to be stored in memory. This is because the
model-observation covariance matrix, PH" and the observation-observation covariance
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matrix HPH™ can be approximated from integrations of the forward model with the
ensemble:

PHT = —X'Y'T
S5-1

HPHT = iY’Y’T (2.53)
where Y’ = (H(x}),H(x5), ..., H(xg))
The update to the ensemble is analogous to the update for the ensemble mean:

X' =X+ K(y'® — HX'?) (2.54)

=

Note in (2.54) K is used and not K. In the stochastic EnKF, the observations are
represented by another ensemble, with the mean as the actual observation and the
variance as the observation error. Thus, y* is randomly drawn from the PDF of
observation errors (Burgers et al.,, 1998). In this case, the ensemble members are
updated with slightly differing observations reflecting the observation uncertainty and
this is represented in the spread of the analysis (or posterior) ensemble and K = K. The
stochastic EnKF can be interpreted as a Monte Carlo method.

In the deterministic implementation, the observations are not represented by an
ensemble and each member of the ensemble is updated with the same observations, in
other words the perturbation to the observations is zero, i.e., y= 0. In this case (2.54)
reduces to:

X'*= (I - KH)X" (2.55)
Considering the definition of the error covariance given in (2.48) substituting value of X"
into (2.55) the posterior error covariance is:

P¢ = (I — KH)P?(I — KH) (2.56)

However, this definition omits the influence of the observation error covariance and
underestimates P? (Burgers et al. 1998). This problem can be resolved by seeking a
definition of K that satisfies the equivalence of the definition of P* with that in the KF
expression for P? (see 2.28), that is:

(I — RH)P?(1 — KH) = (1 - KH)P? (2.57)

This expression can be solved for K (see (Andrews, 1968)) giving:
- _1 L A
R = PPHT(HP"H + R)"z ((HP"H + R): + R: (2.58)

This is the EnSRF as presented by (Whitaker et al., 2002). Note, however, that the matrix
square roots in (2.58) are not unique. The expression of K can also be written without the
need for formulating H as:

N 1 1,1 EN
R=-XY"D (Dz n Rz) (2.59)
S—1

Where D is the innovation matrix:

D= S—ilv'Y'T +R (2.60)
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For a large number of observations, calculating the square root of D and the inverse of
D'2 + R"2 can be computationally expensive, thus, the serial EnSRF was developed in
which the observations are assimilated sequentially and D and R reduce to scalars. In
this case, a constant, a can be defined such that K= aK, where ais:

-1
a= (1 + J%) (2.61)

(see Whitaker et al. (2002) and references therein for the derivation). Sequential
processing of observations only works if all correlated observations are processed in the
same batch (i.e., correlated observations should not be processed sequentially). In the
sequential implementation, after each observation (or batch of observations)
assimilated, the ensemble mean, the ensemble of control vectors, the ensemble mean
in observation space and the ensemble of deviations in the observation space all need
to be updated. A detailed description of the implementation of the serial EnSRF is
provided in Thanwerdas et al. (2025) and will not be repeated here.

As in the KF, the prior control vector for time step t+1 is forecast from the analysis of the
previous time step, t (see 2.20). The prior control vector, x4, may be defined as a
weighting, w, between the prior information for t+1 and posterior control vector from the
time step t, with the rationale that the analysis from the previous time step may also be
a good estimate for the truth for time t+1 and gives the filter a “learning” effect (Kim et al.,
2014; Laan-Luijkx et al.,2017; Steiner et al., 2024a; Thanwerdas et al., 2025). Considering
only the posterior control vector of the last window, the prior control vector for t+1 can
be estimated as:

X041 = wexd + (1 — wp)xgy, (2.62)

Although the EnKF isin principle straightforward to implement, there are some important
considerations, which should be tested in any new set-up:

1) Ensemble size

In EnKF, P has a maximum rank of S-1, thus if S < N, has a greatly reduced rank
compared to the full error covariance matrix, and the information of the observations is
projected to S-1 directions in the state space. For the EnKF to work well, the ensemble
size must be large enough to accurately represent the mean and covariance otherwise
spurious correlations between control variables can arise. The error associated with a
small ensemble can be reduced to some extent by using covariance localization (see
below). For further discussion of ensemble size see Houtekamer and Zhang (2016) and
Peters et al. (2005).

2) Covariance localization

To address the rank problem (see above) the assimilation can be effectively split into
quasi-independent local problems, for which the S-1 local directions of the ensemble
are more likely to provide a reasonable estimate of the true covariance. This localization
(called covariance localization) is critical to successful implementation of the EnKF for
large problems (Houtekamer and Zhang, 2016). In the sequential EnKF, the localization
can be implemented using a smooth function of distance, ((d) between: i) the model and
observation coordinates, which is applied to the model-observation covariance matrix
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and can be described as a matrix, Ly, and ii) the different observations, which is applied
to the observation-observation covariance matrix and can be described as a matrix, La:

K,,. =L; o PHT(L, o HPHT + R)! (2.63)

Where o indicates the Hadamard (element-wise) matrix product. The dimensions of L,
and Loare N x Mand M x M, respectively. The function over distance is usually either the
Gaussian function (Steiner et al. 2024), the exponential function (Peters et al. 2005), or
the 5™ order piecewise function proposed by Gaspari and Cohn (1999).

3) Time window of assimilation and lag

In the EnKF, the assimilation is run over a given number of time windows, which are
cycled through with some lag (i.e. the number of times the control variables are
optimized). The procedure is illustrated in Figure. 2.9 based on Thanwerdas et al. (2025).
There are a few important considerations when choosing the time window of assimilation
and the degree of lag. A longer assimilation window means there are more variables to
estimate and, hence, a larger error covariance matrix is required. This in turn requires
more ensemble members to represent accurately. On the other hand, a longer
assimilation window means more observations are used to estimate the variables.
Peters et al. (2005) used a cycle of 12 weeks that optimizes weekly fluxes window sliding
1 week at a time. In their set-up, each week of fluxes is optimized 12 times (i.e. lag of 12)
using observations up to 12 weeks after the flux time. They find that 90% of the variance
in the final flux estimate is obtained after estimating the flux 8 times. Thanwerdas et al.
(2025) tested using a cycle of 20 days optimizing 10-day resolved fluxes with lags of 1 to
3 and found that as the number of lags increased so did the uncertainty reduction and
the degrees of freedom of signal. However, increasing the number of lags has the
drawback of increasing the computation time due to the longer integrations of the
forward model.
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Window 1 Window 2 Window 3 Window W-2 Window W-1 Window W

Figure 2.9: Schematic showing the iterations over time windows in the EnSRF (based on Thanwerdas et al. 2025).
Blue colours indicate prior fluxes and prior forward simulations, while red colours indicate posterior fluxes and
posterior forward simulations. The grey diagonal shading indicates time steps for which observations are
assimilated. The posterior fluxes from the first window in each cycle (e.g. Cycle 1, Window 1) are used in a forward
simulation to provide the initial mixing ratios for the start of the next time window. Also, only the posterior fluxes from
the first window in each cycle, which have been estimated based on the assimilation of all observations in a cycle,
are included in the posterior control vector. The posterior fluxes from the last window (W) are estimated using only
observations up to the end of the assimilation period.
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2.5.5. Overview of methods

Table 2.2 presents an overview of the methods to solve the inverse problem discussed in
these guidelines. Note that these guidelines describe only the most commonly used

methods in the community but other methods also exist and may be equally suitable.

Table 2.2: Overview of inversion methods presented in these guidelines.

Method type

Advantages

Disadvantages/Limitations

Analytical

e Simple to implement

e Very accurate if the matrix to be
inverted is well-conditioned

e Simple to calculate useful
diagnostics

e Only applicable in cases where the
observation operator can be
described by a matrix (linear or
linearized problems only) and can be
keptin memory

e Limited to Gaussian PDFs

e Can become slow for large problems

e Possibly poor results if the matrix to
be inverted is poorly conditioned

Kalman Filter

e Simple to implement

e Can be used for problems with a
large number of observations
since these can be used
sequentially

e Applicable also to problems with
non-Gaussian PDFs

o Only applicable in cases where the
observation operator can be
described by a matrix (linear or
linearized problems only)

e Sensitive to the definition of the
observation error covariance R and
the state transition error covariance

Q.

Kalman Filter

e Can be used for problems with a
large number of observations as
these can be used sequentially

e Does not need the adjoint model

Gradient e Computationally efficient and o [f the observation operator cannot
can be used for very large (easily) be described by a matrix then
problems the adjoint model of atmospheric

e Preconditioning can be used to transport (and chemistry) is required.
improve the condition number Adjoint models can be challenging to
and the rate of convergence code and debug.

e Applicable to problems with non-

Gaussian PDFs and with some
non-linearity as long as the
problem remains convex

MCMC e Simple to implement e Computationally inefficient in the

e Can be used on non-linear and case when the forward model
non-Gaussian problems (observation operator) takes

considerable time.

Ensemble e Simple to implement e Standard implementations are limited

to Gaussian PDFs

e Sensitive to the ensemble size and
the degree of localization when the
rank of the problem is greatly reduced
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2.6. Determining the covariance matrices B and R

The dependence of the posterior control variables on the prior is described by the
averaging kernel matrix, A (see equation 2.17). The matrix A, is in fact, the ratio:
HTR™H

A = TRoinsE D (2.63)

Thus, the dependence of the posterior on the prior, is determined by the balance of the
observation space error covariance, R and the prior error covariance, B. Therefore, the
optimal choice of R cannot be found independently of B, and vice-versa. It is not easy to
check the appropriateness of the choices for R and B, i.e., if the observational
uncertainties and/or model uncertainties are over- or under-estimated, or if the prior
uncertainties are over- or under-estimated. The aim of this section is to provide some
guidance on defining appropriate matrices for R and B.

Variance and covariance in B

The diagonal terms of the B matrix correspond to the variances of the control variables
and the off-diagonal terms correspond to the covariance of errors between control
variables. The choice of the variances and covariances can have an important influence
on the accuracy of the inversion. In the absence of better information, it is common
practice to set the square root of the variance (i.e., the standard deviation) as
proportional to the prior flux. If multiple choices for the prior are available (different
inventories or model estimates), then the standard deviation of these may be used.

The correlation between errors is normally assumed to decay over distance in space and
time. Different decay models can be used, but a common choice is exponential decay
(e.g. Rodenbeck et al., 2003) where the correlation between the ith and jth variables, r;,
is governed by the distance between them, Adj; and the correlation length, D:

Tij = exp (— AZU) (2.64)

The correlation length is intended to represent the spatial scales over which
uncertainties are expected to be coherent, for example, due to ecosystem types,
emission factors, or climate.

The control of flux variables at relatively high spatial and temporal resolution is
sometimes hampered by the use of large spatial and temporal correlation lengths in the
configuration of B. Long correlation lengths reflect homogeneity in the uncertainties in
the prior flux estimates, which should prohibit controlling the flux at fine scales.
Consistency should thus be found between the assumptions made for the selection of
the control variable resolution and the configuration of B, namely in the choice of spatial
and temporal correlation lengths.

Variance and covariance in R

The variances of the matrix, R should reflect both the observation (or measurement)
uncertainty as well as the model representation error (see Section 2.4.1.1 for a
discussion of this).

A number of methods for solving the inverse problem assume R to be diagonal (e.g., the
serial implementation of the EnSRF (Section 2.4.4.2) and the gradient methods (Section
2.4.3), and would be greatly complicated or become computationally inefficient if R
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would not be diagonal. In practice though, observation errors may be strongly correlated,
especially in the case of satellite retrievals (see also Section 7.2). Moreover, errors in
modelling atmospheric transport may introduce further correlations between errors in
the observation space. Therefore, it is useful to consider how the effect of correlated
errors may be accounted for in a diagonal R matrix. Chevallier et al. (2007b) examine
different methods for handling error correlation while maintaining a diagonal R, namely:
i) neglecting the correlations, ii) data thinning, and iii) error inflation. They found the latter
(iii) to be the better approach. Typically, an error inflation factor is sought, to multiply the
variances to account for the missing covariances in the diagonal matrix. There are
various methods to find the inflation factor, but their discussion is beyond the scope of
these guidelines.

Posterior residuals

A simple guide to the appropriateness of the choice of R and B in an inversion, is to
examine the misfit (or residual) at the minimum of the cost function, i.e., the cost for
posterior control vector (see equation 2.11). For problems with Gaussian PDFs, the
minimum of the cost function follows a chi-square distribution with the number of
degrees of freedom, k, equal to the dimension of the observation space (Tarantola,
2005). Thus, if the uncertainties (in both the observation and control spaces) are
optimally chosen, the value x* = 2J(x)/k will have a value close to one. Very large values
of x? suggest an under-estimation of the uncertainty, whereas very small values of x?
suggest an over-estimation of the uncertainty (Tarantola, 2005) but it is not possible from
this statistic alone to determine if this is due to R, or B, or both.

Maximum Likelihood estimation

Michalak et al. (2005) describe a method to determine the covariance parameters of R
and B given the observations, y, the prior fluxes, x», and the transport matrix, H. In the
simplest case that R and B are both diagonal matrices, the parameters to be found are
the variances of both matrices and a PDF, 6 can be defined for the covariances
parameters as 6(0%:1,..., O%m, 0%, 1,..., O%sn). If it is assumed that there is no prior
knowledge about the parameters, then the posterior PDF, P(6 | H, x», ¥°) is simply
proportional to the likelihood function P(y | H, x», 8). An expression for the posterior PDF
can be derived (see Michalak et al., (2005) for the full derivation):

P(HlHlxb;yO) X P(yolHr xbr 9)
« |[HBHT + Rl_l/ZeXp(—%(y" — Hx,)T(HBHT + R)"1(y° — Hx,))  (2.65)

Where || indicates the determinant. The optimal covariance parameters are those for
which the logarithm of (2.65) is minimized and is equivalent to their maximum likelihood
estimates:

Lo = In[HBH" + R| + 1 (5° — Hx,)"(HBH" + R)":(5° — Hx,) (2.66)

In general, to solve (2.66) an iterative method is needed (see Michalak et al. (2005) for
such a method). The maximum likelihood values of the covariance parameters can be
assessed by performing the inversion for the control vector, x, and the posterior residual
(see above) can be used to check that the maximum likelihood covariance parameters
do not over- or under-estimate the uncertainty.
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The drawbacks of this method, however, are that it requires that: i) the observation
operator can be stored in memory as the matrix H, and ii) that the covariance matrices
are diagonal, which at least for B is not usually the case.

The marginalized Bayesian inversion

Berchet et al. (2015) further examine the impact of the choice of R and B on the posterior
control vector by expressing the posterior PDF as a marginalized probability, i.e., as the
sum of conditional probabilities:

P(xly°) = [ g P(x1y°,R,B) x P(R,B|y°) d(R, B) (2.67)

 Jipp N (%% P%) x P(R,Bly®) d(R, B) (2.68)

where (%) indicates a dependency on (R, B).

Similarly to Michalak et al., (2005), Berchet et al., (2015), used diagonal R and B, and
solve for the maximum likelihood for these matrices, Rmax, Bmax- Berchet et al., (2015)
then go a step further to derive PDFs for the diagonal terms of R and B assuming that
these follow a x? distribution with k degrees of freedom with the averages of the
distributions being the diagonal terms of Rmax and Bmax (S€€ Berchet al., (2015) for details).
They then carry-out a Monte Carlo sampling of the posterior PDF, N(?cﬁ, 1371) by running
an ensemble of inversions each with different R and B drawn from the x? distributions.

The limitation of their method is similar to that of Michalak et al., (2005), namely, it
requires that H, R, and B are small enough to compute the maximum likelihood values of
R and B without excessive computational cost, but additionally, to compute the
ensemble of inversions. Berchet et al., (2015) reduce the dimensionality of their problem
by carrying-out a projection of the control vector of fluxes to aggregated regions, and by
sampling the observations to only assimilate those corresponding to the daily mixing
ratio minimum when the planetary boundary layer is well-mixed.

Hierarchical Bayesian inversions

Ganesan et al. (2014) include parameters to define R and B in the optimization
simultaneously with the control variables. This approach estimates hyperparameters
that characterize the PDFs of R and B, which have their own prior distributions called
hyperpriors.

The Hierarchical model, which seeks to find the posterior joint PDF, P(x, 0 | y), i.e., the
joint probability of x and 0 given the observations, y, can be formulated as follows:

P(x,0|y) < P(y,x|0)P(x,0) (2.69)
« P(y|x,0)P(x|0)P(0) (2.70)
where 0 is the hyperparameter and P(0) is the hyperprior.

In the study of Ganesan et al., (2014), the hyperparameters that are optimized are the
mean, Uy and standard deviation, ox of the PDF represented by B, and the standard
deviation, g, of the observation error covariance matrix, R, and a temporal correlation
scale length, t describing the correlation of observation errors. For each
hyperparameter, a hyperprior needs to be specified. The full posterior PDF sought by
Ganesan et al., (2014) is:
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P(%, 1y, 0, 0y, T|y)  P(y|%, 0y, 7T)P (%] pty, 0,)P (1) P(0,) P(0,)P(7) (2.70)

Ganesan et al., (2014) solve problem using Monte Carlo method, however, if the
logarithm of the expression for posterior PDF is differentiable, then gradient methods
could also be used. Once again, the computational cost for finding the posterior PDF may
be significant, especially if Monte Carlo sampling methods are used (see Section
2.4.4.1).

3. CO:inversions for LULUCF

Gregoire Broquet and Audrey Fortems-Cheiney

3.1. Focusing on LULUCF fluxes in CO: inversion frameworks

Atmospheric observations of CO; integrate signals from all CO, sources and sinks. In
principle, the CO, atmospheric inversions should thus primarily quantify CO, the total
net surface fluxes. However, first, the total flux estimates are not directly relevant for
studies on the carbon cycle or to support nationalinventories. A separation is needed, at
least, between the fossil fuel emissions and the ocean and terrestrial ecosystem fluxes.
Second, depending on the study area, observation network and inverse modelling
framework for a specific application, the results can be highly dominated by one type of
flux (Peylin et al., 2013; Balsamo et al., 2021). The reason is not only that the observed
variations in the mixing ratios are dominated by a type of flux (making it difficult to get
information on the other types of fluxes), but also that inversion configurations generally
focus the filtering and processing of the signal towards one type of flux. Therefore, even
if, eventually, CO, inversions should aim to address jointly all types of fluxes, they
generally target only one or a few of them.

This section is dedicated to CO, atmospheric inversions targeting the quantification of
terrestrial ecosystem fluxes and, more specifically, those associated with human
management, which should be reported as part of the Land Use, Land Use Change and
Forestry (LULUCF) sector of the national inventories under UNFCCC. This component of
the anthropogenic CO, emissions and removal is also one of the most uncertain sectors
and its quantification should strongly benefit from the atmospheric inversion approach
(McGrath et al., 2023). The estimates of terrestrial ecosystem fluxes via atmospheric
inversions coincide more or less with the definitions from ecosystem modellers of Net
Ecosystem Exchange (NEE) or Net Biome Production (NBP), with some ambiguities (as
detailed below) which are now better tackled in inverse modelling frameworks (Broquet
et al., 2026; Deng et al., 2022).

In the 1990s, the first CO, atmospheric inversions were conducted at global scale and
targeted the large-scale quantification of the ocean and terrestrial sinks of CO.. Such
global scale CO, atmospheric inversions have kept on being the main reference for the
monitoring of CO, fluxes until the early 2010s, as illustrated in the first comparison of
main global inversion systems in Peylin et al., (2013). However, the development of
regional scale inversion systems, the general increase in the spatial resolution of the
inverse modelling systems and the increasing density of ground-based and space-borne
CO. observation systems have led to the development of applications targeting CO,
fossil emissions (Balsamo et al., 2021) and the discrimination between the ecosystem
fluxes associated to managed versus unmanaged land (Chevallier, 2021). The
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atmospheric monitoring of CO, fossil emissions raise specific considerations and
requires specific strategies (e.g. with the co-assimilation of co-emitted species or
isotopic tracers such as radiocarbon, “C, with the detection and inversion of plumes
from emission hotspots etc.) even though the overall principle of such inversions is
similar to that for the monitoring of the land ecosystem fluxes (Janssens-Maenhout et al.,
2020). The uncertainty in the CO, land ecosystem fluxes is much larger than that in the
CO, fossil emissions, and it dominates the variations of the misfits between the
atmospheric simulations and the CO, observations currently assimilated in global and
regional scale CO, inversions (Broquet et al., 2023; Marshall et al., 2023). Therefore,
most of CO, inversions are thus still conducted to derive the land biosphere fluxes
assuming that the CO, fossil emission maps provided as input to the transport models
are accurate, or that the uncertainties in these maps have a limited impact on the
retrieval of the land ecosystem fluxes (Byrne et al., 2023; Crowell et al., 2019; McGrath
et al., 2023).

CO; inversions are also conducted assuming CO; is a passive tracer and neglecting the
CO, atmospheric production (from oxidation of CO and hydrocarbons), even when
conducting inversions at global scale over several decades (Fortems-Cheiney, 2025) .

The split between the land ecosystem fluxes associated to managed and unmanaged
land, which supports the comparisons to national inventories, primarily relies on land
use maps (Deng et al., 2022). The coupling between atmospheric inversions and process
models (Carbon Cycle Data Assimilation System — CCDAS, whose detailed presentation
is out of the scope of these guidelines) could be used for a direct connection between
the need to correct for flux estimates and parameters associated to land management
(Bacour et al., 2023; Kaminski et al., 2013).

3.2. Prior and fixed estimates of the fluxes

In the following, all the fluxes are defined as positive when CO; is emitted from the
surface to the atmosphere. Traditionally, the land ecosystem flux components have
been described in atmospheric inversions as: i) the NEE, with or without an explicit split
between the gross flux components of NEE, namely Gross Primary Production (GPP) and
autotrophic and ecosystem heterotrophic respiration (R, and Rneco) Or between Net
Primary Production (NPP = GPP + R,) and the heterotrophic respiration and ii) the
biomass burning emissions (BB) (Byrne et al., 2023; Monteil et al., 2020; Tolk et al., 2011).
Such NEE and BB fluxes have been complemented by fossil CO, emission estimates to
define the total land fluxes. However, such a decomposition of the land fluxes implicitly
creates ambiguity between the NEE (strictly speaking: NPP + Ryne) and the NBP
(accounting for other processes emitting the carbon that has been absorbed by the
ecosystem via the NPP), and more critically ignoring the lateral transfer of carbon
through harvest (wood and crops) and emission of CO, from the harvested products and
their consumption and decay (including the livestock and human respiration), and via
river discharge to the sea (together often referred to as lateral fluxes; see Figures 3.1, 3.2
and 3.3). The latter has a critical impact on the spatial distribution of the total land fluxes
within the study areas but also across its boundaries through import and export (Ciais et
al., 2020b, 2021; Deng et al., 2022; McGrath et al., 2023). However, the ecosystem
models tend to better simulate the complexity of the land carbon cycle, which, together
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with the availability of complementary databases on the carbon lateral transfer supports
the derivation of prior estimates for such components of the land fluxes, and recent
analysis (Broquet et al., 2026) promotes decomposing the land fluxes used as input to
the inversions, as:

e NEE, decomposed or not into GPP (or NPP), R, and R eco

e BB

e Sources from wood / crop harvest products

e Sources from river, lake and estuaries discharge

e Fossil emissions (mainly from fossil fuel combustion, but also from cement and
other carbonate decomposition process)

with the GPP (and thus NEE) implicitly consistent with the harvest of wood and crop, and
the transfer of carbon from ecosystems to rivers via leaching and using suitable spatial
(and as much as possible, temporal) distribution for these different components (see
Figures 3.1 and 3.2). Disturbance fluxes due to land use change are mainly associated to
deforestation from fires and are thus accounted for in the BB fluxes. The residual
component of land use change fluxes (F.ue, mainly from non-fire deforestation or
reforestation) is here implicitly aggregated into NEE.

Atmospheric CO,

OCN

import/export

Figure 3.1: Schematic showing the principal CO: flux components. (NEE: Net Ecosystem Exchange, BB: Biomass
Burning, Hwooa + Hcrop: €missions from Harvest Wood and Crop products, Lake: emissions from rivers, lakes and
estuaries discharge FF: Fossil Fuel, OCN: Ocean).
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Such a decomposition facilitates the comparisons to the bottom-up nationalinventories
reported to the UNFCCC, via suitable re-combinations of these land fluxes that are
consistent with the assumptions and scope underlying such inventories. For example,
the subsampling over managed lands and the correction of the NEE to account for the
loss of carbon due to harvest and river drainage, and the addition of BB fluxes should lead
to an estimate of the change in the carbon stock of the managed ecosystems that is
consistent with the UNFCCC national inventories of LULUCF emissions (excluding the
Harvested Wood Products sector) in European countries (Ciais et al., 2022).

CO2 EU-27+3
1.25
1.00 A M
0.75
0.50 —— FF
_ H_CROP
g 0.25 4 —— H_WOOD
g | —— LAKE
T 000 I = —————— = Sty | —— BB
—— NEE
-0.25 4
—0.50
—0.75 4

2005 2007 2009 2011 2013 2015 2017 2019 2021 2023

Figure 3.2: Times series of annual estimates for the different land fluxes used as input to the inversions in Broquet et
al. (2026), in PgC/year, from 2005 to 2023 for the EU27+3 (Norway, UK and Switzerland) area. The labelling of the
fluxes follows that of Figure 3.1.

The land fluxes should be complemented by ocean fluxes, when applicable. These fluxes
should encompass both open ocean and coastal fluxes with distinct types of
spatialization and temporal dynamics, and sometimes distinct products of bottom-up
estimates. However, while the split into these two components could bring significant
impact to the flux estimates from the inversions, they keep on being generally taken
together as the ocean flux (Byrne et al., 2023; Chau et al., 2022; McGrath et al., 2023).

Of note is that the joint assimilation of observational tracers, such as “CO, in CO,
inversions (Basu et al., 2020) could support the split of net NEE and ocean fluxes, into
gross fluxes with distinct signatures for this tracer, such as NPP and Ry .0, and ocean-to-
atmosphere and atmosphere-to-ocean fluxes (Gémez-Ortiz et al., 2024; Potier et al.,
2022). However, such a co-assimilation is currently orientated towards the monitoring of
fossil CO, emissions and is thus out of the scope of this document.

The definition of the control vector for CO, inversions primarily relies on the selection of
the flux components: i) to be controlled by the inversion, for which the estimate from
models and data independent to the atmospheric observations will only be used as prior
estimate, and ii) those not controlled by the inversion, for which the estimate will be kept
fixed in the inversion process. The inversion should primarily control the main targeted
component of the land fluxes, i.e. the NEE (decomposed or not into subcomponents). A
joint control of NEE with Fuc (the latter being aggregated to the former above and
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hereafter) makes sense in practice since the two fluxes are strongly linked in the process
models used to generate the prior estimates (MacBean et al., 2022) and since it can be
difficult to distinguish between them with the available observations. Much of the
biomass burning (BB) as well as wood/crop harvest and river sources are relatively
localized, heterogeneous in space and usually distant from the stations of the existing
global and continental CO, ground-based observation networks (see Figure 3.2). Their
control is thus relatively challenging compared to that of NEE (see the strategies to
monitor BB based on CO observations, e.g. Basso et al., 2023) and the uncertainties in
these fluxes projected into the atmospheric observation space is small compared to the
observed atmospheric CO; signals and to the projection of uncertainties in NEE over long
timescales, typically over more than few days (see Figure 3.3). For these different
reasons, all these components can be kept fixed in the inversions as usually done for BB
(Thompson et al., 2020) . However, some improvements could be foreseen if expertise
and methods are developed for a joint control of all the CO, flux components, especially
in a context of regular increase of the spatial resolution for the transport and inverse
models, of the observation density, and of the use of satellite observations at high
resolution and high frequency. In some cases, at large scale, BB emissions are controlled
together with NEE as total land ecosystem fluxes (e.g., Net Biosphere Exchange (Byrne
et al., 2023) ). Traditionally, the ocean fluxes are controlled as well as the land NEE, even
for regionalinversions whose targets are focused on the latter (Byrne et al., 2023; Monteil
et al., 2020) .

The prior estimates of NEE (and of GPP, R, and Rheco) are generally derived from
simulations with process-based dynamical vegetation models or diagnostic vegetation
flux models with various levels of complexity (Monteil et al., 2020; Petrescu et al., 2021).
Products upscaling eddy covariance GPP and ecosystem respiration flux measurements
can also be used (Upton et al., 2024). BB estimates are based on products derived from
satellite observations regarding the fire activity, burnt areas and vegetation type and
density (Kaiser et al., 2012; Werf et al., 2025). Note that these BB products usually partly
overlap with NEE estimates from process-based models, for instance for savannahs that
burn every year with subsequent regrowth. In that case, the BB estimates for these
particular components should be complemented with a regrowth flux. A few datasets
provide information regarding the sources and sinks associated to wood/crop harvest
(based, e.g., on FAO statistics) and riverine fluxes (Ciais et al., 2020c; Liu et al., 2024).
They mainly support the fixed estimate of the sources. However, they can also be used
to adjust the prior estimate of NEE to achieve consistency between the carbon in
harvested products and that taken up in NEE. Although process-based vegetation
models include harvest processes, the resulting wood/sink harvest can be
positively/negatively biased with respect to estimates based on inventories (e.g. on FAO
statistics (Petrescu et al., 2021)), which leads to similar biases in the corresponding NPP
and thus NEE. Similarly, the NPP and NEE from process-based models that ignore the
loss of carbon from the ecosystems due to leaching to rivers should be adjusted when
accounting for river sinks to ensure that there is a realistic carbon balance between the
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different components included in the prior flux estimates, leading to realistic variations
of the carbon stock in the ecosystems (Broquet et al., 2026; Deng et al., 2022).

Estimates of fossil CO, emissions are derived from gridded global or regional emission
inventories that usually disaggregate in space and time the country-scale and annual
sectoral emissions from national inventories using spatial proxies (e.g., population
maps, road traffic data, etc.) and typicaltemporalcycles for the underlying activities, and
complement them with additional information on international emissions (Crippa et al.,
2024; Kuenen et al., 2022; Urraca et al., 2024) . In practice, these inventories can
combine different products and sources of data: national — annual budgets from a given
product, spatial distributions and sub-annual temporal variations from a combination of
other products (Soulie et al., 2024; Steinbach et al., 2011; Woude et al., 2023) . Such
inventories generally also provide biofuel emission estimates. However, these estimates
partially overlap with the databases of sources associated to the wood/crop harvest
products, and choices have to be made to select which ones are the most suitable
product in terms of amplitude or spatial and temporal distribution (Ciais et al., 2020a).

Some land CO; fluxes are generally ignored due to the lack of suitable products to infer
reliable estimates and due to their relatively low magnitude (as of present), such as the
emissions from geological weathering and the sinks associated to artificial carbon
dioxide removals (Ciais et al., 2022).

A key criterion for the selection of prior estimates, besides their known reliability, quality
and accuracy, has often been their spatial and temporal resolution. The main concern
has generally been the spatial resolution of the gridded inventories used to prescribe the
estimate of the fossil CO, emissions, expecting them to be at least that of the
atmospheric transport model underlying the inversion system. The reason is that this
estimate is generally kept fixed in the inversion, and these emissions are highly
heterogeneous in space, with strongly emitting hotspots whose distance to the
observation location can have a critical impact of the variations of the observed mixing
ratios, and whose dilution at coarse resolution in the model could lead to strong biases
for specific observation sites. Major sources of uncertainties arise when strong point
sources are mislocated (or kept active while the corresponding site has been closed), or
more generally due to the limitation of the approach used to disaggregate the national
emissions spatially using affordable proxies in gridded inventories (Guevara et al., 2023;
Odaetal., 2018). The spatial resolution of the prior estimate of the ecosystem and ocean
fluxes has generally been seen as less critical since these fluxes are rather diffuse and
homogeneous (except for the disturbance fluxes). However, with the growing interest in
the mapping of the land ecosystem fluxes at high spatial resolution (targeting budgets at
scales smaller than the administrative regions in Europe) or on linking the flux estimates
to specific types of ecosystems, the need for prior estimates with a precise spatial
distribution at fine scales, and if possible at the transport model resolution, has
increased (Kuhlmann et al., 2020; Potier et al., 2022) .

In terms of temporal resolution, the 3-hour to 1-hour scale has generally been targeted,
considering that it is critical to solve for the diurnal cycle of the fluxes, especially since
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the global to regional scale inversions assimilate surface observations over specific
daytime or nighttime windows (depending on the measurement stations) and since
satellite observations based on passive instruments are limited to daytime (Munassar et
al., 2024). Global to regional scale inversion systems generally work with hourly inputs
and would not make use of a finer temporal resolution. Of note is that the traditional
estimates of the sub-annual temporal variations associated to bottom-up inventories of
the fossil emissions are based on the repetition of typical average month-to-month,
weekday versus weekend, and diurnal cycles (Crippa et al., 2020). However, the
temporal variations of the fossil emissions are known to vary in a much more
heterogeneous way and products of actual day-to-day variations are emerging, so
inversions should use combined fossil emission products with real daily, if not hourly,
resolution, if available (Liu et al., 2020).

3.3. Spatial and temporal resolution of the controlled flux variables

The spatial and temporal resolution of the atmospheric transport model and of the
controlled flux variables should be much finer than the targeted scales for the analysis
of the land terrestrial fluxes to minimize the impact of model and aggregation errors on
this analysis. The spatial resolution is generally set as close as possible to that of the
transport model, but some inversion frameworks can limit it technically (Thompson et
al., 2020). The specific considerations for the monitoring of the land ecosystem fluxes
have been that of the scale of homogeneity of these fluxes depending on the regions,
providing some flexibility to coarsen this spatial resolution. Ecoregions have been
considered as a basis for the control of NEE in Europe (Peters et al., 2010) and some
regions such as the Amazon forest had sometimes been seen as relatively homogeneous
(Basso et al., 2023). However, the significant impact of spatial variations in the soils
structure and properties (impacting gross carbon fluxes) and meteorological forcing
have pushed for increasing the control vector spatial resolution everywhere. The
temporal resolution of the control vector should allow, somehow, to adjust the diurnal
cycle of the fluxes, since this cycle is highly uncertain in the estimates from process
models. This has led for control vector resolution of <6-hour resolution in regional
inversions (Broquet et al., 2011). A trade-off has been made in regional and global
inversions by splitting the control vector into sub-daily time steps (e.g. 3 to 12 hours)
whichrepresent averages of a specified number of days (usually in the order of a few days
to 1-2 weeks, Chevallier et al., 2010).

3.4. Other variables of the control vector and boundary conditions

Variables which contribute to large uncertainties when propagated into the atmospheric
observation space should ideally be included in the control vector to allow for this source
of error to be better accounted for, compared to adding a statistical characterization of
these uncertainties in the observation error covariance matrix, R.

The CO; lateral boundary conditions of regional inversion configurations are increasingly
controlled as well as the CO; initial conditions of both global and regional scale
inversions, especially since an increasing number of studies document their large
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impact on regional inversions (Munassar et al., 2023; Nesser et al., 2025). Two types of
products have generally been considered to provide prior or fixed estimates of the initial
and boundary conditions for the inversions, as illustrated by two types of CO, global
products distributed by the CAMS services: CO, 4D fields from relatively coarse global
atmospheric inversions (Chevallier et al., 2010) and finer scale forecasts of CO, 4D fields
without the assimilation of CO, data (Agusti-Panareda et al., 2014, 2016). While the
former should bear relatively low biases at the spatial or temporal boundaries of the
inversions, the latter offer relatively good variations at fine scale due to its higher spatial
resolution and to that of its input flux products (Agusti-Panareda et al., 2019). The
selection of the best type of products, therefore, depends on the location of the
boundaries in the regional inversion systems (e.g. in the ocean where fine scale
variations are assumed to be small or across regions where numerous plumes from
fossil fuel emission hotspots could arise, far from the main area of interest and of
observations in the inversion domain, etc.) and on the assumed ability of the inversion to
control the large scale biases or small scale variations at its boundaries. The use of
nested regional inversion configurations lessens the need for fine scale boundary
conditions (Lian et al., 2021).

The control of the meteorological forcing of the parameters of the atmospheric transport
is regularly discussed but it remains challenging and there are still few practical
examples of such control in the frame of large dimensional global or regional scale
inversion problems (Vanderbecken et al., 2023).

3.5. Observation vector definition and selection of the observations

There have not been any major specific strategies for the definition of the observation
vector in CO; inversions. In situ continuous measurements at ground-based stations are
usually assimilated as hourly to 3-hourly mean observations. They are usually selected
only during daytime (mainly afternoon, during well-mixed conditions in the planetary
boundary layer) at low altitude stations and during nighttime at high-altitude stations.
This selection aims to avoid transport modelling biases associated to the dynamics of
the boundary layers and the poor representation of mountain sites with a limited
resolution of the topography (Broquet et al., 2011). The wide spread of CO, fluxes
exacerbates the issues associated with the modelling of mountain sites (e.g., with
specific CO, signals arising from neighbouring valleys) or of coastal sites (being
represented by either fully sea or fully land grid-cells in transport models). This
encourages adaptative strategies (Pillai et al., 2011). Concepts for more elaborated
definitions of the observation vectors which limit the weight of uncertainties in the
transport model, boundary conditions etc. are regularly tested (e.g., the use of
differences between stations (Breon et al., 2015)) but they have hardly been generalized
for global and regional scale inversions until now, and such developments usually aim to
tackle problems that are common to all GHGs. The same applies to the assimilation of
satellite observations (see Section 7.2).
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3.6. Configuration of the prior and observation error covariances

The characterization of the prior error covariances for land ecosystem fluxes usually
follows two types of approaches. They are often derived from a general knowledge of the
uncertainties associated to the ecosystem models used to provide the prior flux
estimates. Alternatively, it is often based on commonly accepted levels of uncertainties
on the large-scale estimate of the land carbon sink, which are then disaggregated in
space and time. In both cases, standard assumptions are usually made on the error
spatial and temporal correlations. Specific studies with the comparisons between
ecosystem model simulations and eddy covariance flux measurements (or products
based on the upscaling of these measurements) have allowed for improving the
characterization of the level of uncertainties at different spatial and temporal scales, and
of the typical temporal and spatial correlations of uncertainties as a function of the
spatial and temporal resolution (Chevallier et al., 2012; Kountouris et al., 2015; Visser
and Bousserez, 2024), but in general the modelling of the prior error covariance matrices
remains relatively simple.

At the spatial and temporal resolution of the control variables, the most usual principle
remains to define an uncertainty that is somehow proportionalto the corresponding flux,
but since NEE can be positive or negative, and since a small NEE could actually reflect a
balance between high NPP and R, the prior uncertainty, whether the inversion
controls NEE or its subcomponent, is generally defined as proportional to one of the
gross fluxes: Rneco, GPP, or NPP (Broquet et al., 2011; Monteil et al., 2020) .

The spatial and temporal correlations of the uncertainties in the prior estimate of the land
carbon fluxes from process-based or statistical models arise from model structural
errors (missing processes, wrong process representation etc.), which follow the spatial
distribution of the different types of ecosystems, from the meteorological forcing
(typically at synoptic scales) etc. Therefore, they likely bear complex and anisotropic
structures, e.g. including potential negative correlations between the NEE in summer
and the NEE in the dormant season (Broquet et al., 2013). However, in practice, the
derivation of the spatial and temporal correlations usually follows simple models, which
are isotropic and homogeneous in space and time, typically exponentially decaying
functions (Chevallier et al., 2012), to facilitate the construction of valid (i.e., symmetric
positive definite) error correlation matrices with diagonal values of 1, and elsewhere
values between -1 and 1. New capabilities in terms of prior error covariance modelling
and in terms of comparisons to independent data now allow for envisaging varying the
spatial and temporal correlation length scales as a function of time and space (Visser
and Bousserez, 2024). Importantly, the temporal correlations of the uncertainty in prior
estimate of the NEE can be assumed to have relatively long temporal scales (the typical
scale of 1 month is generally used, which, combined with exponentially decaying
functions leads to a correlation of e for a 1 month time lag) for a given window of the day
but to be low across different windows of the day, due to the uncertainties in the diurnal
cycle. Specific models of the prior uncertainties for NEE, therefore, split the temporal
dimension into that of the sub-diurnal variations and day-to-day variations, with small
correlation length scale for the former, and larger ones for the latter (Broquet et al.,
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2013). In general, in 10 to 100 km resolution inversions, the typical correlation length
scales for the prior uncertainties in NEE range from 100 to 500 km (Crowell et al., 2019;
Monteil et al., 2020). The increasing accuracy of the ecosystem models, and resolution
of inversion systems should lead to a decrease of these typical spatial and temporal
scales of uncertainty (Chevallier et al., 2012).

The configuration of the prior uncertainties for the ocean fluxes generally assumes
relatively small and homogeneous uncertainties at the control resolution, and very large
spatial and temporal correlation scales (Crowell et al., 2019). However, this should
probably be reconsidered to better account for the impact of uncertainties in the
relatively strong and localized coastal fluxes.

Even though the impact of uncertainties in the boundary conditions has received
increasing attention, the characterization of the prior uncertainties for these conditions
when they are controlled remain quite notional and based on general considerations
about the amplitude and scales of the uncertainties in the CO, global simulations used
as prior estimates (Broquet et al.,, 2026). These uncertainties should be more
systematically extracted from the analysis conducted over the CO; global simulations
and inversions.

The configuration of the observation error covariances (to characterize the uncertainties
in the observation operator and the observations themselves) do not rely on specific
approaches in the field of the CO, atmospheric inversions. Efforts have been made to
characterize the separate impact of uncertainties in the CO, fossil emissions in addition
to that of the boundary conditions (when they are not controlled by the inversion) and of
the model limited accuracy and resolution as a function of time and observation
conditions (Berchet et al., 2023; Broquet et al., 2011, 2013). New efforts could focus on
the land flux subcomponents that are kept fixed in the inversion framework (such as
emissions from BB, rivers and harvested products).

4. CH,inversions

Aki Tsuruta, Anteneh Mengistu, Rebecca Ward, and Rona Thompson

4.1. Prior fluxes and consideration of sectors to be optimized

The prior methane fluxes provide first-guess representations of the spatial, temporal,
and sectoral distribution of fluxes for use in atmospheric inversion systems. The prior
fluxes should ensure complete source coverage, and, when coupled to atmospheric
transport models, generate realistic mole fractions that can be compared to
observations. Methane fluxes arise from a wide range of anthropogenic and natural
processes, each governed by distinct physical drivers and exhibit differing spatial and
temporal variability.

For anthropogenic sources, prior CH, fluxes are typically derived from disaggregated
emission inventories (see Table 4.1), or national inventories. Nationalinventories usually
provide emissions as aggregated country-level totals. For use in atmospheric transport
models, these emissions must be spatially disaggregated to the model grid using
appropriate proxies (e.g., population density, activity data, and infrastructure mapping).
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Table 4.1. Datasets and models used to construct prior CH, fluxes

model

Source category Dataset / Model Description Reference
Anthropogenic EDGAR Global gridded (Crippa et al.,
emissions anthropogenic CH, 2020)
emissions by sector
GAINS Global/regional emissions (Hoglund-lsaksson
based on activity data et al., 2020)
CEDS Harmonized global (Hoesly et al.,
anthropogenic emissions 2017)
CAMS-REG Regional gridded emissions (Kuenen et al.,
for Europe 2022)
National Country-level reported UNFCCC 2023
inventories totals; require spatial reports
(NGHGIs) disaggregation
Wetlands JSBACH-HIMMELI | Process-based wetland CH, | (Raivonenetal.,

2017)

ORCHIDEE DGVM with wetland CH, (Krinner et al.,
module 2005)

LPJ-GUESS DGVM with CH, wetland (Smith etal., 2014)
processes

LPJ-wsl DGVM with land use and (Calle and Poulter,

land cover change and forest
demography

2021)

CLM4.5/CLM5

Land component of the
Community Earth System
Model

(Lawrence et al.,
2019)

atmosphere fluxes

WetCHARTs Ensemble wetland CH, (Bloom et al., 2017)
emission dataset
Biomass burning | GFAS Satellite-based fire emission | (Kaiser et al., 2012)
dataset
GFED Global fire emissions (van der Werf et al.,
database 2017)
Others Geological Global geological methane (Etiope et al., 2019)
emissions seepage
Ocean- Marine methane emissions (Weber et al., 2019)

Termites

Biogenic methane emissions

(Saunois et al.,

from termites 2020)
Inland water Fresh water emission from (Johnson et al.,
rivers and lakes 2022)

In addition to these anthropogenic sources, prior methane fluxes also need to account
for natural emissions. Process-based models are commonly used to prescribe natural
CH, fluxes from wetlands (see Table 4.1). Emissions from biomass burning are typically
taken from fire emission datasets such as GFAS (Kaiser et al., 2012) or GFED (Werf et al.,
2025). Additional natural source terms are frequently included based on estimates from
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empirical studies, such as geological emissions (Etiope et al., 2019) , ocean-atmosphere
methane fluxes (Weber et al., 2019) and emissions from termites (Saunois et al., 2020)
(see Table 4.1).

To enable meaningful comparisons with national inventories and to support monitoring
of emissions, priors must distinguish all major anthropogenic methane sources:
agriculture (enteric fermentation, rice cultivation and manure management), fossil fuel
production and use (coal, oil, and natural gas), waste and wastewater management,
combustion-related emissions from residential, industrial, and transport energy use,
and industrial processes. Natural methane sources include wetlands (often grouped
together as peatlands, inundated and wet soil emissions), inland waters, termites, ocean
fluxes, geological seepage, mineral soil uptake, and biomass burning. It should be noted,
however, that the distinction between natural and anthropogenic methane sources is not
always clear-cut, as several sources traditionally classified as natural can be indirectly
influenced by human activities and climate change (e.g., wetlands, inland waters,
reservoirs, permafrost, and biomass burning). (Saunois et al., 2025), therefore,
distinguish direct anthropogenic from natural and indirect anthropogenic sources rather
than treating the separation as absolute.

Within this framework of comprehensive source representation, estimates of total
methane emissions provide an important consistency check on the aggregated prior
fluxes. For the 2010-2019 period, global methane emissions estimated using bottom-up
methods are approximately 669 Tg CH, yr~', witha range of 512-849Tg CH, yr~' (Saunois
et al., 2025). When aggregating prior CH, fluxes, care must be taken to avoid double
counting. For example, biomass burning emissions from agricultural fires may already
be included in agricultural source categories (Kirschke et al., 2013; Saunois et al., 2020) .
Another example is the possible overlap of ocean fluxes and ocean geological seeps -
the estimates of which are often given by different models and approaches. Although in
principle including both estimates would represent a double counting, in practice some
approaches may miss certain components of the flux, which may be better represented
in a different dataset using a different approach. Thus, when considering if two different
datasets overlap, and if so, to what extent (e.g. ocean fluxes and ocean geological seeps)
a more thorough investigation of the approaches and what they cover is needed.

In atmospheric inversions, the total net CH, flux is commonly optimized, as has been
frequently done in the past, e.g. (Bergamaschi et al., 2007; Maasakkers et al., 2019;
Saunois et al., 2020) . However, many studies have also optimized fluxes by groups of
source categories e.g. (Chen et al., 2022; Mengistu et al., 2026; Tenkanen et al., 2024) ,
in particular, separating natural from anthropogenic sources provides more pertinent
information for monitoring emissions, evaluating inventories, and supporting policy
decisions. Although the diverse sources could be grouped in various ways, a useful
inversion set-up for policy purposes requires defining source sectors that can be
compared with aggregates of sectors as reported by national greenhouse gasinventories
(i.e. IPCC sectors). A further consideration in defining source categories to use in the
control vector, is whether or not isotopic data (such as the isotopologue *CH,) are
included intheinversion (Basu et al., 2022b). If so, then the categories nheed to be aligned
with the characteristic source sighatures of the isotopologues (see Section 4.5).
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A key factor in defining prior CH, fluxes and inversion control variables is the pronounced
source-dependent variability of CH, emissions in both space and time. This variability
shapes the observed atmospheric CH, signals and should, as far as possible, be
reflected in process-based models and inventories. Different source sectors exhibit
distinct temporal characteristics. Wetland emissions vary strongly on seasonal and
inter-annual time scales in response to climate drivers such as temperature,
precipitation, and inundation extent (Bloom et al., 2017; Saunois et al., 2020). Fossil fuel
emissions often show relatively stable spatial patterns but can experience large short-
term fluctuations driven by episodic leaks and super-emitter events that are poorly
captured by inventories (Alvarez et al., 2018; Scarpelli et al., 2020). Biomass burning is
particularly irregular, characterised by short-lived but intense emission pulses with
limited spatial extent (Kaiser et al., 2012; Werf et al., 2017).

The spatial and temporal resolution of prior CH, fluxes should be aligned with the
resolution of the atmospheric transport model, as this consistency underpins the ability
of the model to represent the observations and, hence, for the inversion to extract
meaningful information from the observation-model comparison. Although prior
emissions may be specified at fine spatial scales (e.g. the EDGAR inventory provides
global emission estimates at 0.1°), the inversions (especially global ones) typically have
coarser resolution owing to limitations in the resolution of the atmospheric transport
model, and the limited observational coverage, which does not allow the fluxes to be
resolved at high spatial (and temporal) resolutions. If the control variables (i.e. those
representing fluxes) are at coarser resolution than the transport model and are defined
in such a way that there is in reality significant variability within the spatial and/or
temporal domain of each variable, this can lead to aggregation error, as is discussed in
Section 2.3.1.2 and in (Berchet et al., 2013; Bocquet et al., 2011; Kaminski et al., 2001) .

Depending on the study objectives and the available observational constraints, the
control variables for fluxes can be defined to either optimise the total CH, source or to
optimise by source sector. Optimising the total source reduces the number of degrees
of freedom (DOF), where the DOF represents the number of elements estimated to
obtain a comprehensive understanding of the system and is, therefore, appropriate
when the primary objective is to quantify the total CH, budget. In contrast, sector-
specific optimisation is especially relevant for CH, because of its strong relevance to
emissions monitoring and policy decisions. Owing to the distinct spatial and temporal
characteristics of some source sectors, such as wetlands versus fossil fuel emissions
there can be some observational constraint on the sources by sector (Jacob et al., 2016) .
If this temporal and spatial variability is not adequately represented in prior fluxes or in
the definition of the control variables, aggregation errors may arise, weakening the
inversion’s ability to correctly attribute observed atmospheric sighals to individual
sources.

In practice, constraints on computational cost and the size of the control vector,
especially in ensemble-based inversions, often necessitate grouping source categories,
such as combining oil and gas emissions or grouping waste sources. When doing so,
similarities in temporal variability and spatial patterns should be considered to preserve
interpretability and reduce aggregation errors (Jacob et al., 2016). This issue is especially
critical when emissions are estimated at coarse temporal or spatial resolution, or when
sectors with fundamentally different variabilities are grouped together. Biomass burning
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and fossil fuel methane emissions are particularly challenging in this regard. Their
sporadic nature and incomplete representation in bottom-up inventories contribute to
large prior uncertainties and limit the ability of inversions to capture their true variability
(Alvarez et al., 2018; Saunois et al., 2020). Notably, unlike for CO,, fossil fuel CH,
emissions are considered highly uncertain reflecting the incomplete representation of
leaks and episodic emissions in many bottom-up inventories (Alvarez et al., 2018;
Scarpelli et al., 2020). For this reason, CH, fossil fuel emissions are often optimized as a
distinct category.

Wetlands Fossil fuels
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Figure 4.1. Methane emissions from eight source categories taken from biogeochemical models and inventories:
natural wetlands (excluding lakes, ponds, and rivers), biomass and biofuel burning, agriculture and waste, fossil
fuels, inland freshwaters (including lakes, ponds, reservoirs and stream and rivers), geological sources, termites, and
oceans for the 2010-2019 decade (in mg CHsm™2d™"). (Figure courtesy of Saunois et al., 2025)

4.2, Boundary and initial mixing ratios

Boundary and initial mixing ratios are a key element in inversions. The initial mixing ratios
define the initial mass of trace gases in the domain of interest at the beginning of the
inversion window. For regional inversions, boundary conditions drive the mass of CH,
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entering the domain (at the domain lateral boundaries, as well as from the roof of the
domain in case of limited-vertical-extent transport models), as well as the evolution of
CH,; mixing ratio within the domain. In regional inversions, the contribution to the
variability in the observed mixing ratios from outside the inversion domain may be
significant and, in some cases, may be comparable to the magnitude of the variability
from in-domain fluxes (e.g., Lauvaux et al., 2012; Lauvaux et al., 2016; Nesser et al.,
2025).

Boundary and initial mixing ratios may be prescribed using CH, mixing-ratio fields output
from a global atmospheric transport model (see Table 4.2), ideally optimized using global
satellite orin situ observations (e.g., Agusti-Panareda et al., 2023; Groot-Zwaaftink et al.,
2018). These models provide spatially and temporally resolved CHy, fields that capture
seasonal and inter-annual variations and are constrained through the assimilation of
atmospheric observations. These fields can be coupled to the regional domain spatial
and temporal boundaries to ensure consistency between the rest of the global
atmosphere and the regional flux optimisation. Global reference simulations should be
properly set-up to limit the propagation of uncertainties to regional inversions. One key
aspectto accountforis adequate spin-up periodsin the global model to limit the impact
of improperly specified global initial conditions (Gurney, 2002; Peters et al., 2005;
Thanwerdas et al., 2024). In general, global inversions should ensure that the spin-up
period (usually several years) leads to a realistic horizontal and vertical distribution of
CH,4 mixing ratio.

Even properly prescribed global inversions diverge in their simulated mixing ratio fields
(Saunois et al., 2025), which when used as initial/boundary conditions for regional
inversions can lead to discrepancies. Since any errors in the boundary/initial mixing
ratios will distort surface flux adjustments (Rodenbeck et al., 2009) it is crucial to
carefully assess the accuracy of these mixing ratios and ideally include variables to
optimize these in the control vector (see also Section 2.3.2). Two main approaches are
used in the community to deal with boundary conditions: i) the so-called “two-step”
approach by Rodenbeck et al. (2009), and ii) the direct optimization of boundary
conditions. The Rodenbeck et al. (2009) approach has already been described in Section
2.3.2. The direct optimization of boundary conditions can be done in different ways,
mostly depending if a Lagrangian or Eulerian transport model is used and its domain of
coverage.

In Lagrangian frameworks, the influence of the outside-domain mixing ratios on the
observations may be estimated using the end points of the backward trajectories.
Thompson et al. (2017) used backwards trajectories calculated globally (over 10 days)
and coupled their end points to global mixing ratios fields representing a coupling in the
time domain. This allows for a smooth integration of the influence of initial mixing ratios,
as well as fluxes outside the regional domain, into a background mixing ratio estimate for
each observation. Longer backward trajectories of 30 to 60 days are now routinely used
to fully account for the hemispheric transport of background air masses (e.g., Vojta et
al.,, 2025). For regional Eulerian models, the initial mixing ratios determine the
atmospheric CH, field at the beginning of a simulation. Similarly to Lagrangian models,
initial conditions can be retrieved by interpolated global models. Boundary conditions to
regional Eulerian models include background mixing ratios at the top and sides of the
domain of simulation (e.g., Fortems-Cheiney et al., 2021).
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Table 4.2: Examples of global model products of CH4 mixing ratio

Product/Model |Model Type |[Spatial/ Data Meteo- Reference
Temporal Assimilation/ [rological
Resolution Inversion Forcing
CAMS EGG4 Reanalysis [0.75°x 0.75°, |4D-Var ECMWEF IFS (Inness et al.,
(global CTM) [3-hourly assimilation of 2019)
satellite & in-
situ
observation
CAMS TM5- Flux 1°x1¢, 4D-Var ECMWF ERA- [(Pandey et al.,
4DVar inversion monthly fluxes |inversion of Interim / ERA5 |2022)
system surface &
satellite
FLEXPART CTM |Lagrangian |Dependson Transport only, |ERA5 / ECMWE |(Zwaaftink et
(now FLEXPART [particle setup notinversion al., 2018)
LCM) dispersion
model
NOAA Inversion 3°x 2°global |Ensemble ECMWEF (Carbon-
CarbonTracker [(EnKFwith |(nested Kalman Filter |processed Tracker CH4
TM5) regional~1°); [inversion meteorology [2025)
3-hourly / 30-
min met fields
MOZART-4 Chemistry- [1.9°x 2.5°, CTMforward |[NASA GEOS-5 |(Emmons et
/GEQOS-5 transport hourly—daily simulation al., 2010)
model
GEOS-Chem CH,|3D CTM 2°x2.5°,72 Forward CTM [NASA GEOS (Bindle et al.,
fields levels simulation (e.g., GEOS-FP,|2021)
(used as MERRA-2)
observation Goddard Earth
operatorin Observing
inversions) System

The structure and uncertainties assigned to variables used to optimize the initial or
background CH,; mixing ratios needs to be carefully considered to avoid trade-off with
surface flux adjustments. Regarding the structure of the control variables, the objective
is to leave sufficient degrees of freedom to adjust the atmospheric signal entering the
domain of interest, while limiting the inflation in the number of unknown variables to be
optimized. Optimizing the global dataset used for boundary and/or initial conditions at
grid cell resolution would dramatically increase the number of unknowns and lead to ill-
posed problems, so is typically not practical. To limit this issue, previous studies usually
optimize scalars for aggregates of the background/initial conditions. For the boundary
conditions of Eulerian models, the aggregation can be by boundary side or sections of
boundaries of the regional domain (e.g., Steiner et al., 2024a; Sicsik-Paré et al., 2025).
Likewise, for the initial mixing ratios, these can be optimized as aggregated regions,
either for the total column, or with some vertical resolution (e.g. lower troposphere,
upper troposphere and stratosphere). Aggregation should also be made in the temporal
dimension to limit the number of control variables related to the optimization of the
boundary conditions while keeping sufficient degrees of freedom to adjust large-scale
54
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discrepancies. Daily to weekly adjustments are usually done to allow for synoptic scale
adjustments to background conditions. For Lagrangian models, Thompson et al., (2017)
optimized the initial mixing ratios (coupled to the trajectory endpoints) by aggregating
these into latitudinal bands, and later also vertical layers (Thompson et al., 2025) with a
temporal resolution in the order of weekly to monthly.

Regarding uncertainties, proper balance between flux and boundary/initial errors are
critical to avoid under- or over-correction of the boundary/initial conditions. Too small
uncertainties will lead to over-correction to the fluxes whereas too large uncertainties in
the boundary/initial conditions may lead to too much attribution of model-observation
mismatches to the background (see also Sections 6.2 and 8.5.2). Approaches for
specifying the prior error covariance matrix B include objective diagnostics based on
innovation statistics, tuning of spatial and temporal correlation structures according to
transport characteristics, and deriving variability estimates from ensembles of prior
states. They are not specific to background optimization but can serve this purpose. They
include x* diagnostics, Desroziers schemes (Desroziers et al., 2005), maximum-
likelihood optimization (Berchet et al., 2013) or hyper-parameter optimization (Berchet
et al., 2015; Ganesan et al., 2015) (see also Section 2.5).

4.3. Uncertainties associated with fluxes

Despite their detailed sectoral representation, bottom-up estimates of CH, fluxes
remain subject to substantial uncertainties arising from incomplete process
understanding, sparse or incomplete activity data, and limited representation of
episodic or poorly monitored sources, e.g. in emission factors, leading to
inconsistencies across inventories and spatial scales.

Prior uncertainties define the variances (diagonal elements) of B corresponding to the
control variables targeted in the optimization. The control variables in an inversion can
take different forms, such as the fluxes themselves, scaling factors applied to the prior
fluxes and offsets from a prior flux field. As such, there is not a single ‘correct’ way to
assign the variances, but the square root of the variance needs to be in the same units as
the corresponding control variable. Prior uncertainties for CH, fluxes may be prescribed
based on expert knowledge, previous studies or inventory-provided estimates, or
combination of these. They can be defined as a fraction of the prior flux (e.g. Bergamaschi
etal., 2013; Tsuruta et al., 2017) , based on the differences between alternative prior flux
estimates (e.g. Tenkanen et al.,, 2024) or derived from bottom-up assessments of
inventories or process-model errors (e.g. Niwa et al., 2025). When the different CH,4
source sectors (see also Section 4.1) are optimised separately, sector-specific
uncertainty values need to be applied.

For fluxes from wetlands, inland waters, and soil sinks derived from process-based
models, prior uncertainties are typically large. These uncertainties reflect current
limitations of the models, including missing or poorly represented processes, uncertain
parameterizations, and errors in wetland and inland water surface area and inundation
dynamics. Large uncertainty values give the inversion sufficient freedom to adjust both
the magnitude and spatial distribution of emissions. For example, Bergamaschi et al.,
(2013) applied uncertainties of 100% of the prior wetland fluxes and (Bloom et al.,
2017) found large uncertainties (approximately 100% of the fluxes) across all regions in
the WetCHARTs model ensemble. More recently, process-based models are providing
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their own uncertainty estimates, for example through ensembles of model
configurations using different wetland extent maps and parameter perturbations (Aalto
et al., 2026) . Tenkanen et al., (2025) applied spatially and temporally varying wetland
prior uncertainties derived from the inter-quartile range of a 6-model ensemble in the
framework of the Global Carbon Project, capped between 10% and 500%. Even when
large errors are used for wetland emissions, it is good practice to test alternative prior
flux estimates in sensitivity experiments.

Uncertainties in anthropogenic prior fluxes are generally smaller than those for wetland
process models, reflecting the use of bottom-up inventories with activity data and spatial
attribution (e.g. oil and gas infrastructure, urban areas, landfills). Inventory developers
have produced uncertainty assessments, providing guidance for the interpretation and
appropriate use of their data, e.g. EDGAR (Solazzo et al., 2021), GAINS (Winiwarter et al.,
2024) and CAMS-REG (Super et al., 2026). Significant differences can be found across
anthropogenic CH4 emission estimates, reflecting key methodological choices, such as
use of Tier 1 methods, which use default values for emissions factors and global datasets
(used often in global estimates such as EDGAR) and Tiers 2 and 3, which use national
emissions values and/or models (Lamb et al., 2025) . Uncertainties are generally smaller
for fugituve emissions due to well-reported activity data, but missing ultra-emitters in
bottom-up inventories can increase regional uncertainty in regions of extensive of fossil
fuel extraction (Tibrewal et al., 2024). When anthropogenic emissions are optimised as
a single aggregated source, a key choice is whether to use a more conservative
uncertainty reflecting the most uncertain sub-sector, or a weighted uncertainty that
reflects the combination of uncertainties.

Biomass burning priors can be expected to have moderate uncertainties. Errors are
driven by multiple sources, including uncertainties in burned area detection, fuel
consumption and emission factors (Kaiser et al., 2012; Van der Werf et al. 2017). Small
fires that occur below the detection limits of satellite products such as MODIS lead to an
underestimation of burned area and, therefore, emissions. Advances in higher resolution
products are expected to reduce uncertainties in future inventories. Fuel consumption
(dependent on vegetation type and density, moisture, fire type and combustion
completeness) and emission factors, are limited by sparse and unrepresentative field
observations, which are biome-specific and extrapolated globally, introducing further
uncertainties.

Fluxes from geological seepage are poorly constrained with sparse observational data
and incomplete or unknown seep locations and magnitudes, and large uncertainties
associated with scaling-up the few observations available to regional and global
estimates (Etiope et al., 2019). Furthermore, independent studies using ice-core CH,4
isotopes have indicated that pre-industrial geological methane emissions were small,
~15Tg/y (Petrenko etal., 2017) . As geological emissions should be roughly constant over
time, this implies that present-day inventories could be strongly overestimated (Hmiel et
al., 2020; Petrenko et al., 2017). Thus, geological seep emissions are commonly given
large uncertainties and/or scaled to match global top-down estimates.

The off-diagonal elements of B describe spatial and temporal correlations in prior flux
uncertainties. These represent assumptions about the spatial and temporal coherence
of prior errors across neighbouring grid-cells and/or regions and must be specified
according to the resolution and definition of corresponding control variables. Temporal
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correlations should also be included in B (when the inversion extends over more than one
time step) to represent the persistence of prior flux errors between consecutive time
steps, dependent on the temporal resolution of the inversion.

A spatial correlation length is the distance over which errors in two locations are
assumed to be related in B. They are typically defined using distance-based functions,
such as exponential decay with distance, e.g. (Peters et al., 2005). For high-resolution
regional inversions with dense station networks, such as over Europe, short spatial
correlation lengths are appropriate over land, e.g. 50 km (Henne et al., 2016). Inversions
with coarser grids or region-based control variables typically use longer spatial
correlation lengths over land e.g. 100 km — 500 km (Tenkanen et al., 2024; Thompson et
al., 2017; Wittig et al.,, 2023). Oceanic source regions typically show lower flux
magnitudes and lower short-term variability than many land sources. For this reason,
relatively long spatial correlation lengths are used over oceans regardless of the
observing network, e.g. 1000 km - 2000 km (Tenkanen et al., 2025; Thompson et al,,
2017). It has previously been common to not use separate spatial and temporal
correlations by source sector, as with the above studies. However, it is recommended to
use different spatial and temporal correlations for different source sectors to better
constrain the sources using independent information on the expected error correlations
in each sector (Szénasi et al., 2021) . Table 4.3 provides examples of methane inversion
studies that use source-specific spatial and temporal correlations.

Errors in wetland emissions are often assumed to be spatially coherent on the scale of
basins and continents (Bloom et al., 2017). Alternatively, Monteil et al. (2025) derived
spatial correlation lengths from ensembles of the LPJ-GUESS models, finding low
correlations above 250 km and Niwa et al. (2025) directly built the prior error covariance
matrix, B, from an ensemble of VISIT simulations. Meirink et al. (2008) and Bergamaschi
et al. (2022) applied zero temporal correlation to wetlands and other strongly seasonally
varying sources (such as rice cultivation and biomass burning) as emissions from these
categories vary strongly in time. However, Bloom et al. (2017) show that wetlands have
strongly temporally correlated prior errors, despite strong seasonal emission variability,
based on uncertainties in carbon decomposition rates and the wetland extent between
different wetland models. Whilst Monteil et al. (2025) found low temporal correlations
(<0.4 after 200 days) in their ensemble.

Anthropogenic emissions from inventories may have systematic biases; the temporal
persistence depends on source type, from relatively short-term for fugitive emissions
(e.g. leaks in gas installations) to more seasonal for microbial sources such as
agriculture and waste. Due to the episodic and localised nature of biomass burning
events (van der Werf et al., 2025), relatively short spatial and temporal correlation
lengths are appropriate. As a poorly constrained source, geological seepage
uncertainties are associated with large sedimentary basins, incomplete inventories and
limited observations (Etiope et al., 2019), longer spatial and temporal correlation lengths
are appropriate. Thus far, the discussion has focused on inversions with a fixed prior
error covariance structure. However, there is no uniquely optimal choice for the prior
error covariance matrix. For CH4, methods such as hierarchical Bayesian inversions infer
prior uncertainty probability distribution functions (PDFs) and model error jointly with
emissions, while other approaches have used an ensemble of prior PDFs and inversion
setups to define posterior uncertainty (East et al., 2025).
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Table 4.3: Example prior uncertainties, spatial correlation lengths and temporal correlation lengths used in methane inversion studies that apply different correlation lengths to

different sources.
Study Inversion description Separately optimised Prior uncertainties Spatial correlation Temporal
sources lengths correlation
lengths
(Niwa et al., Global 4D-Var inversion | Anthropogenic, Wetlands from ensemble of Ensemble-derived No temporal
2025) using NISMON-CH,. biomass burning, process-model (VISIT) simulations. covariances from the VISIT | correlations.

wetlands (incl. rice
cultivation, soil
uptake), other natural.

Percentages of prior fluxes. 50% for
anthropogenic, 100% for biomass
burning and other natural.

process model used
directly to construct B.
No spatial correlation for
other sources.

(Meirink et al.,
2008)

Global 4D-Var
inversion, 6°x4° (with
higher resolution zoom
regions) spatial and
monthly temporal
resolution.

11 different source
categories.

Percentages of prior fluxes. Enteric
fermentation 30%, wetlands and
biomass burning 80%, other
categories 50%.

500 km for all categories.

9.5 months for all
categories except
wetlands, rice
cultivation and
biomass burning,
with temporal
correlation of 0.

(Bergamaschi et
al., 2022)

Regional European CH,
4D-Var inversion using
FLEXVAR. 7km x 7km
spatial and monthly
temporalresolution.

Wetlands, rice,
biomass burning,
all remaining sources.

Percentages of prior fluxes. For all
sources uncertainties set to 100%.

For all sources 200 km.

12 months for “all
remaining
sources”, zero for
other sources with
pronounced
seasonal cycles.

(McNorton et al.,
2018)

Global inversion using
TOMCAT. 2.8°x2.8°
spatial and monthly
temporal resolution.

Agriculture, biomass
burning, energy, Rice,
waste, wetlands

Percentages of prior fluxes. All
sources set to 50%.

No spatial correlation.

1-month lag, 0.5
for energy sector.
Zero for other
sources.

(Monteil et al.,
2025)

Regional northern
Europe inversion using
LUMIA. 0.25° spatial
and daily temporal
resolution.

Two “super-
categories”: wetlands
and non-wetlands.

Wetlands: derived from LPJ-GUESS
process-model ensemble spread
multiplied by annual scaling factor of
0.5 Tg CHy/yr. Non-wetlands: annual
scaling factor of 5 Tg CH./yr (%15 %
of the annual emissions)

Wetlands: uses average
correlation lengths of LPJ-
GUESS ensemble spread.
Non-wetlands: 500 km.

Both categories:
30 days.
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4.4. Atmospheric sinks

About 90% of CH, in the atmosphere is lost due to oxidation by the hydroxylradical (OH).
The atmospheric sink due to this chemical reaction mostly occurs in the troposphere,
removing around 503-554 Tg yr' globally (Saunois et al., 2025). Therefore, one must
account for the atmospheric sink in regional and global inverse modelling of CH, fluxes.
However, the effect of the atmospheric sink decreases with shorter time and smaller
spatial scales of the model transport operator, and it could even be ignored for very
short-temporal (hours to a few days) and local (up to a few hundreds of kilometres)
operators. In those cases, the atmospheric removal should be taken into account in the
background estimates or boundary conditions.

There are also other atmospheric sinks that are important to take into account, namely
that due to the oxygen radical, O('D), and the chlorine radical, Cl, in the stratosphere,
and the reaction with Cl in the marine boundary layer. Globally, it is estimated that the
stratospheric loss accounts for about 4-7% of the total chemical loss removing 28-43 Tg
yr' globally (Saunois et al., 2025). These losses can play an important role especially
when assimilating and comparing the estimates to satellite data or data from the
stratosphere, because they strongly affect the vertical profiles and stratospheric
seasonal cycles of the estimated CH,. Although the effects may be minor for regional
models assimilating only ground-based observations, the effects must be taken into
account in the background estimates or boundary conditions, as for OH. The
contribution of tropospheric Cl to the total CH, sink is minor (only 1-2 %, Saunois et al.,
2025) but produces strong isotopic fractionation which can have a significant effect
when assimilating isotopic data (see Section 4.5).

Chemical reactions can be included in the atmospheric transport model either by using
prescribed fields (precalculated from a chemistry model) e.g. (Bergamaschi et al., 2005;
Thompson et al., 2017; Tsuruta et al., 2025; Ward et al., 2024; Zhao et al., 2019) or by
calculating the reactions including production and losses of OH within the model (e.g.
CAMS v24r2 onwards®). The former is more straight-forward and easier to implement but
ignores possible non-linearities, while the latter requires a chemistry transport model,
which is more computationally expensive.

There are varying estimates of atmospheric OH concentrations and reaction rates of CH,
and OH (Zhao et al. 2019; see also Table 4.4). OH is a radical that is inherently instable
and thus extremely reactive. Measurements are not spatially representative, therefore,
approximations and modelling are needed for estimation of global atmospheric OH. The
different approaches include empirical approaches inferring OH concentrations based
on other species such as methyl chloroform (CH;CCl;) e.g. (Montzka et al., 2011; Patra
et al., 2021b; Prinn et al., 2005), hydrofluorocarbons (HFCs) (Liang et al., 2017;
Thompson et al., 2023) and “CO (Krol et al., 2008; Quay et al., 2000) , modelling using
atmospheric chemistry transport models e.g. (Anderson et al., 2021; He et al., 2021;
Lelieveld et al., 2016; Nicely et al., 2017; Voulgarakis et al., 2013) and data assimilation
(Naus et al., 2021) . The OH estimates can vary significantly in horizontal, vertical and
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temporaldimensions (Zhao et al., 2019), and as a result, the estimated atmospheric CH,
and, thus posterior fluxes, can differ for different OH estimates even if one uses the same
transport model (Zhao et al., 2020) . This effect can be seen already in the forward model,
so it is strongly recommended to test first the forward run and see if the growth rate and
seasonal cycle of atmospheric CH,4 roughly matches the observations. It is strongly
recommended to include at least seasonally varying OH concentrations, and for multi-
year inversions, annual variations can also be included (Saunois et al., 2025). Similarly,
monthly varying concentrations (either climatological or also including annual
variations) are recommended for reactions with Cland O('D).

It is possible to include parameters to optimize the atmospheric sinks in the control
vector. When optimizing them simultaneously with the fluxes and the effect of methane
levels themselves on sinks are considered, it makes the inversion problem non-linear.
Therefore, some inversion methods cannot be used, but the quasi-Newton method
(Section 2.4.3.2) or ensemble methods (Section 2.4.4) remain to handle not strongly non-
linearly problems. Although, since most observations are most sensitive to the lower
troposphere (especially ground-based observations), their constraint on the sink may be
limited and, therefore, a balance is needed so that there is not a trade-off between
correcting the atmospheric sinks versus the fluxes (Maasakkers et al., 2019; Peng et al.,
2022; Qu et al., 2024) .

Table 4.4: Examples of global datasets for OH, Cl, and O('D).

Gas Data type Model References

OH Concentrations CAMS https://confluence.ecmw
f.int/display/CKB/Descrip
tion+of+the+CH4+inversi
on+production+chain
Concentrations (Huijnen et al., 2010;
Spivakovsky et al., 2000)

Concentrations INCA (Thanwerdas et al., 2023;
Zhao et al., 2022)

Concentrations GEOS-Chem ESM | (Hu etal., 2018)
Concentrations GEOS-Chem CTM | (Prather et al., 2012)
Concentrations MOZART-4 (Emmons et al., 2010)

Cl Reaction rates ECHAM (Jockel et al., 2006)
Reaction rates* MPI Bruhl and Crutzen, 1993

o('D) Reaction rates ECHAM (Jockel et al., 2006)
Reaction rates* MPI (Brahland Crutzen, 1993)

*Combined reaction rates of Cland O('D).

4.5. Inclusion of isotopic information

For better separation of source sectors, it is useful to add information from
isotopologues — molecules that differ in their isotopic composition. Methane has two
singly substituted isotopologues, *CH, and '>CH;D, and information regarding the ratio
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of 2C to *C and hydrogen (H) to deuterium (?H or D) isotopes are most commonly used
in CH, flux inversion studies. The isotope ratios are defined as:

13CH4/
2ch,

513C = (ch/ sample 111000 (4.1)
4
12CH4>
reference
CH3D/
5D = ( . CH“)S“m”“-’—1 1000 (4.2)
( /H)reference

where in (4.1) the reference is the international standard, Vienna Pee Dee Belemnite
(VPDB) and in (4.2) it is the Vienna Standard Mean Ocean Water (VSMOW). The VPDB for
13C/"?Cis 1123.72 x 10°° (Craig, 1957) and VSMOW for D/H is 155.76 x 10°® (Hagemann et
al., 1970).

The isotopic ratios vary depending on the source type (Menoud et al., 2022; Sherwood et
al., 2017) (see Figures 4.2 and 4.3) and are referred to as the isotopic sighature of the
source. The isotopic signatures for thermogenic sources such as fossil fuel combustion
are more enriched in 8'*C-CH, and 3D-CH, compared to biogenic sources, and biomass
burning is the most enriched in 8'*C-CHj, (Figure 4.2 and 4.3). Using this information, it is
possible to gain further constraints on the origin of the methane fluxes from the
atmospheric measurements of the isotopic ratios. Currently, most of the inversion
studies are limited to using only 3'*C e.g. (Basu et al., 2022b; Chandra et al., 2024; Lan
et al., 2021; Thompson et al., 2018; Zhang et al., 2021a) but there are an increasing
number of studies that also assimilate 6D-CH, (Dasgupta et al., 2026; Fujita et al., 2020,
2025; Thanwerdas et al., 2023; Warwick et al., 2016) . The studies using dD-CH, are
limited mainly due to a lack of observations, which is associated with challenges in
measurement techniques and difficulties incorporating the information owing to their
scarcity.

The “isotope inversion” (atmospheric inversion assimilating isotopic data) requires
several additional data and modifications to transport models: 1) separation of fluxes
into sources categories corresponding to the characteristic source signature of each
source, 2) isotope fraction information from each source category (i.e., the source
signatures) and 3) atmospheric chemistry transport models that can handle the different
reaction rates of the isotopologues.

There are increasing number of CH, isotope measurements for 3'*C-CH, and 6D-CH,
globally and over Europe from tall towers, aircraft and other means (Sellmaier et al.,
2025; Team et al., 2022; Umezawa et al., 2025). However, isotope measurements are
more challenging to make compared to CH,4 mixing ratios because isotopologues are far
rarer compared to "CH, ("*CH, is only 1% of total CH,4, and CHsD less than 0.1%).
Therefore, the inversion should be set up according to data availability (location and
frequency). For example, if there are 3'*C-CH, isotope measurements only from a remote
non-urban location, it would not have strong constraint on separating fossil fuels and
agriculture emissions. It is also important to note that the data may be subject to
systematic bias when using data from various laboratories due to differences in
calibration scales (Dasguptaetal., 2025; Umezawa et al., 2018) and need to be corrected
to a common scale before assimilation in the inversion (see also Section 7.1).
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The isotopic source signature values are needed to estimate the ratio of isotopologue
emissions. Using those values, the amount of isotopologue emitted from each source
category is estimated and using the atmospheric transport model, the isotope ratios are
estimated from the model to be compared to the observations (see Section 4.1). It is
especially important to distinguish the soil sink from the wetland emission source
because they have distinct isotopic signature values (King et al., 1989; Reeburgh et al.,
1997) . The soil sink may be accounted for in an atmospheric model using deposition
velocity as the soil sink also depends on the mixing ratio of CH4, similar to the
atmospheric sinks. The landfills can have much enriched 3'"C source signatures
compared to agricultural sources depending on the types of waste and condition of the
landfills (Menoud et al., 2022), and the 3'*C source signatures from rice cultivation can
have strong temporal variation. On the other hand, the 5'3C isotopic signatures from
biogenic sources are relatively similar, so can be combined (e.g. wetlands + enteric
fermentation and manure management + rice cultivation + termites).
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Figure 4.2: Isotopic source signatures of 3'°C-CH. (left) and 8D-CH. (right) showing the normalized probability density
functions from the global inventory by Sherwood et al., (2017). (Figure courtesy of Sherwood et al., 2017).

There are various global source signature estimates published (Basu et al., 2022a;
Douglas et al., 2020; Etiope et al., 2019; Feinberg et al., 2018; Ganesan et al., 2018; Lan
et al., 2021; Oh et al., 2022; Sherwood et al., 2017; Warwick et al., 2016) but the source
signatures are highly heterogeneous and can vary temporally depending on the emission
sources (Menoud et al., 2022). Therefore, where available, it is strongly recommended to
include detailed spatial and temporal information of the source signature values. In
regionalinversions, it would be important to use region specific source signature values.
The regional differences are large for wetlands where northern peatlands have more
depleted &'°C compared to the tropics depending on types of wetlands, including soil
properties, plant species, methanogenic communities and water availability (Fisher et
al., 2017; Ganesan et al., 2018). The wetland and rice paddy emissions can have strong
seasonal cycles of the isotopic signatures depending on transport pathways (France et
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al., 2022; Jentzsch et al., 2024; Li et al., 2025) and agricultural practices (Marik et al.,
2002). For enteric fermentation and manure management, &'°C signature varies mainly
depending on diets (Carranza et al., 2022). The landfills can have distinctive isotopic
signatures depending on the types of waste, cover condition and other management
activities (Bakkaloglu et al., 2021). It would be important to take into account the decay
rate in non-active landfills (Borjesson et al., 2007).
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Figure 4.3: Dual isotope plot from European measurements by Menoud et al., (2022). (Figure courtesy of Menoud et
al., 2022).

The atmospheric reactivity of isotopologues differs and is important to consider in the
isotope inversion. Each isotopologue has a different reaction rate for their chemical
reactions in the atmosphere leading to the so-called kinetic isotopic effect (KIE). The KIE
arises due to the difference in the molar mass - reactions with heavier isotopologues
("*CH, and CH3D) are slower compared to '>CH,. The KIEs vary depending on the
isotopologues and reactions (see Table 4.5).

Although oxidation by OH is the principle atmospheric sink process (see Section 4.4), in
the isotope inversion tropospheric Cl plays a significant role in the estimation of 3"*C
owing to the large KIE of this reaction (Strode et al., 2020; Thanwerdas et al., 2022) (see
Table 4.5). For limited temporal domain observation operators, such as those based on
Lagrangian transport models, the loss of CH,, and thus the change in 3'*C starts to
become non-negligible if the back trajectories extend beyond approximately 20 days (see
Figure 4.4).

Itis important to note that the soil sink also has a KIE and the sink depends on the mixing
ratio of CH,4 at the surface. Therefore, the soil sink is often represented in transport
models using a deposition velocity, which removes CH, from the atmosphere. The
estimates of soil sink, accounting for about 30 Tg CH, yr globally (Saunois et al., 2025),
can be obtained from process-based models and inventories (e.g. Kleinen et al., 2020,
Ito and Inatomi, 2012; Murguia-Flores et al., 2018). It is represented as negative flux to
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the atmosphere, i.e. flux from atmosphere to soils, which can be considered as the
deposition velocity at the surface layer of the transport models. Estimates of the KIE for
the soil sink vary significantly and depend on the soil oxidation processes and
ecosystems (Snover and Quay, 2000; Tyler et al., 2000).

In atmospheric transport models, the different isotopologues are transported as
separate species due to their different ratios in emissions and their different reaction
rates. In the isotope inversion, observations of 5'*C and &D are, therefore, converted into
corresponding "*CH, and "CH3;D mixing ratios using (4.1) and (4.2). Furthermore, the
source signatures are converted into fractions, e.g. "*CH4/™"CH, and "?CH./™"CH, and
applied to the emissions to calculate the emissions of '*CH, and ?CHy,, respectively. The
modelled mixing ratios are typically converted back to 3"C and 6D in the model output.

Table 4.5: List of estimates for the kinetic isotopic effects.

Reaction KIEs Reference
kc12/Ke1s Loss to OH 1.0039 £ 0.0004 (Saueressig et al., 2001)
1.0054 = 0.0009 (Cantrell et al., 1990)
1.00562 = 0.0001 (Chen et al., 2026)
Loss to Cl 1.0430 (Saueressig et al., 2001)
1.066 = 0.002 (Crowley et al., 1999)
1.0621+0.0001 (Tyler et al., 2000)
Lossto O('D) | 1.0130 (Saueressig et al., 2001)
Soil sink 1.0621 £ 0.0001 (Tyler et al., 2000)
1.0173 £ 0.001 (grassland) (Snover and Quay,
1.0181 = 0.0004 (forest) 2000)
1.022 - 1.025 (boreal forest) (Snover and Quay,
1.022 £ 0.004 (temperate forest) | 2000)
(Reeburgh et al., 1997)
(Tyler et al., 1994)
ku/ko Loss to OH 1.18 (DeMore, 1993)
1.294 +0.018 (Saueressig et al., 2001)
1.31£0.01 (Joelsson et al., 2016)
1.3192+0.004 (Chen et al., 2026)
Loss to Cl 1.508 (Saueressig et al., 2001)
1.474 +£0.020 (Tyler et al., 2000)
Lossto O('D) | 1.06 (Saueressig et al., 2001)
Soil sink 1.066 = 0.007 (forest) (Snover and Quay,
2000)
1.099 +0.030 (grassland) (Snover and Quay,
2000)

2 Chen et al. (2026) determined a temperature dependent KIE the value given here is for standard
atmospheric temperature.

Another important aspect is that initial atmospheric mixing ratios for isotopologues

should be stabilized before carrying out inversions. For this, longer spin-up (~30 years)
may be needed to obtain stable initial mixing ratios using Eulerian transport models due
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to longer lifetime of the heavier isotopologues (Chandra et al., 2024; Fujita et al., 2020;
Kangasaho et al., 2022).
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Figure 4.4: Box model calculation of the change in §'°C and CH. due to reactions with OH and Clup to 50 days
assuming standard atmospheric temperature (273.15 K), global mean OH (Spivakovsky et al., 2000) and Cl (Allan et
al., 2007) concentrations (molecule/cm?3), and kow = 3.703% 107" (Atkinson, 2003) and kci= 6.606x107"4 (Allan et al.,
2007) (cm’/molecule/s) and KIEox = 1.0054 and KIEc = 1.066.

The isotopic signatures and KIEs play significant roles in estimating isotopic ratios using
atmospheric transport models. Small changes in these can lead to significant
differences in the estimated values, thus the model representation errors for
isotopologues are deemed larger compared to total CH4. Therefore, the transport model
errors (included in the covariance matrix R) must be adjusted carefully depending on the
inversion set-up. It is also possible to co-optimize the source signatures and KIEs (Fujita
et al., 2025; Thanwerdas et al., 2024), although this introduces non-linearity and
additional challenges regarding the assignment of uncertainties.

5. N>O inversions

Rona Thompson and Nalini Krishnankutty

5.1. Prior fluxes and uncertainties

Anthropogenic N,O emissions globally are dominated by agricultural soils e.g. (Tian et
al., 2020, 2024). In particular, N,O is produced in soils via the microbial processes of
nitrification and denitrification - naturally occurring processes that are enhanced by the
anthropogenic additions of reactive nitrogen (N) to soils (e.g. through N fertilizers,
livestock manure and legume crops) (e.g. Butterbach-Bahl et al., 2013; Firestone and
Davidson, 1989). Emissions from agricultural soils caused by N additions constitute the
direct agricultural emission of N,O, which is about 56% of the global total anthropogenic
emissions (Tian et al. 2024). In addition, N,O is also emitted from other soils that are not
directly fertilized, as well as from inland waters and coastal areas as reactive N is
transported from agricultural soils by atmospheric dispersion and deposition and
through waterways. This constitutes the indirect emission of N,O and accounts for 18%
of the global total anthropogenic emissions (Tian et al. 2024). Other more minor
anthropogenic sources of N,O include waste, especially wastewater management, 5%,
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and industrial processes (especially adipic and nitric acid production) and combustion
of fossil fuels, together 17% (Tian et al. 2020; 2024; Global Nitrous Oxide Assessment,
2024) (see also Table 5.1).

Natural sources of N,O include soils under natural vegetation, especially important in
tropical forests, natural outgassing from inland waters, and the coastal and open ocean,
as well as biomass burning (Tian et al. 2020; 2024; Global Nitrous Oxide Assessment,
2024). The processes responsible for N,O production in natural soils, waste water, inland
waters and the ocean, are the same as those responsible for emissions from agricultural
soils, namely nitrification and denitrification (Global Nitrous Oxide Assessment, 2024).

Table 5.1: Examples of global datasets that can be used for prior flux estimates (this list is not exhaustive and higher
resolution regional model estimates may be preferred for regional inversions).

Source Method/Model Description References
Natural soils Process-based models: e.g. [Models that (Tianetal., 2019)
VISIT parameterize
DLEM biogeochemical
OCN processes leading to
LPJ-GUESS production of N,O and its
ORCHIDEE flux to the atmosphere
LPX-Bern
CLASSIC
ISAM
ELM
Agricultural Process-based models (see |(see above) (Tian et al., 2024)
soils above)
Inventories: e.g. Use emission factors (Crippa et al., 2021)
EDGAR and activity data
CEDS
Industrial Inventories: e.g. Use emission factors (Crippa et al. 2021)
processes, EDGAR and activity data
fossil fuel CEDS
combustion,
and waste
Inland waters |Process-based and data- Use combinations of (Lauerwald et al., 2019)
driven models data-driven and process-|(Yao et al., 2019)
based approaches (Maavara et al., 2019)
Biomass Inventories: e.g. GFED Use satellite detected  |(Kaiser etal., 2012)
burning GFAS fires with maps of land- |Werfetal., 2017)
cover and emission
factors
Ocean Process-based models: e.g. |Ocean circulation (Tian et al., 2024)
NEMO-PlankTom models that include
Bern-3D biochemistry leading to
NEMO-PISCES production and fluxes of
UVic N,O

Unlike for other species, the discrimination between natural and anthropogenic
emissions is not clear for N,O. Soils not directly under human management can receive
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reactive N of anthropogenic origin through atmospheric deposition and/or through water
transport leading to enhanced (i.e. above some natural baseline) N.O emissions.
Furthermore, soils under human management may also emit N,O in the absence of
anthropogenic N input. Land-use change also influences N,O fluxes, e.g., following
deforestation soils may produce a pulse of N,O emission followed by a decline, and in
the absence of anthropogenic N input may eventually emit less than in the state before
deforestation (Tian et al., 2020; 2024).

In UNFCCC reporting, only anthropogenic emissions are reported. For soils, these are
calculated for managed land, with indirect emissions extrapolated from the direct
additions of reactive N. Direct agricultural soil emissions are calculated using emission
factors multiplied by corresponding N inputs, where the emission factors are based on
flux measurements considering the flux above a natural background. Indirect emission
extrapolations use assumptions on the amount of reactive nitrogen transferred via
atmospheric or aqueous transport and use similar emission factors to those for direct
emissions.

It is not often feasible to cleanly distinguish between natural soil emissions and
anthropogenic soil emissions (or emission enhancements), as both arise from the same
microbial processes and respond to the same environmental drivers, and can occur in
the same grid cells (Tian et al., 2020). Owing to this, most inversion systems choose to
optimise total N,O fluxes, and sectoral information is used only for the construction of
prior fluxes and the evaluation of the results (Thompson et al., 2019). (Note, not all
process-based models provide separate estimates for anthropogenic and natural soil
emissions). On the other hand, non-soil emissions, such as the point emissions from
industrial processes, may possibly be optimized as a separate category but the
constraint on industrial emissions versus other sources will strongly depend on the
resolving power on the inversion, the density and location of the observations relative to
the industrial emissions, and the strength of the industrial emissions relative to
surrounding non-industrial emissions.

When combining different estimates, such as anthropogenic inventories and process-
based model estimates, care must be taken to avoid double-counting. For example,
agricultural waste burning is often a source in bottom-up inventories and should be
excluded if a fire emission dataset that includes this is used. Similarly, if combining
process-based model estimates for soil emissions and an inventory for the
anthropogenic emissions, care must be taken not to double count e.g. agricultural soil
emissions. Moreover, some inventories and models report fluxes of N,O in using the
mass of N,O, whereas others report using the mass of N, which results in a factor of
44/28 difference between the two units. The molar mass (N or N,O) used in the estimates
must always be carefully checked.

Oceanic N,O fluxes amount to 25% of the global total source (Tian et al., 2024). However,
given the fairly limited sensitivity of the atmospheric observing networks to oceanic N0,
these fluxes are typically weakly constrained by the inversion (Tian et al., 2020;
Thompson et al., 2014). There are some measurement platforms, however, that do have
an oceanic signal. In particular, regular shipboard measurements across the Pacific
Ocean have indicated variability in tropospheric N,O owing to inter-annual variations in
ocean N,O fluxes corresponding to ENSO (Ishijima et al., 2009) and measurements at
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Trinidad Head in California are sensitive to coastal upwelling and outgassing of N,O
(Lueker et al., 2003; Nevison et al., 2004).

When prescribing prior fluxes for N,O inversions, it is important to consider the temporal
and spatial variability of these fluxes and the resolution of the model used. Soil fluxes of
N.O are very heterogeneous and are characterised by “hot-spots” and “hot-moments”
(Butterbach-Bahlet al., 2013). In particular, emissions of N,O from agricultural soils can
be very significant after N-fertilizer application, following rainfall, and from fallow
cropland. In high spatial resolution models, it is important to use an appropriate
temporal resolution to capture the highly variable and often short-lived emission events.
In coarser regional and global datasets, the influence of high spatial and temporal
variability is smoothed. Atmospheric observation sites that are remote from these
emissions will receive an integrated signal and may not be sensitive to the highly
heterogenous emissions, meaning that the coarse resolution (e.g. monthly) of the fluxes
may not introduce significant model representation error. On timescales of the order of
a week to a month, seasonal variability in soil emissions is important, as these respond
strongly to temperature and soil moisture, and in seasonally frozen soils, freezing and
thawing can also influence the emissions (Butterbach-Bahlet al., 2013). Similarly, ocean
fluxes are seasonal and ideally seasonality should be represented in the prior used in the
inversion.

The uncertainty on the total net N,O flux can be described by considering the
uncertainties of the various sources and may be prescribed as an emission weighted
sum of the individual source uncertainties. The uncertainties may be ascertained by
considering the spread of an ensemble of models, or via error propagation. In
inventories, the emission factor uncertainties usually contribute the most to the total
uncertainty. For direct and indirect soil emissions the estimated uncertainty
(corresponding to 95% confidence when the distribution is Gaussian) is around 70%
(Solazzo et al., 2021). For industrial sources, the uncertainty is less, about 20%, and a bit
larger for combustion of fuels and waste, about 50% (Solazzo et al., 2021).

Process-based model estimates of N,O soil fluxes differ substantially due to variations
in process parameterisations, N-fertilization rates, meteorological forcing and other
input data (Tian et al., 2019). Globally, agricultural soil estimates differ by about 30%,
while natural soil estimates differ by about 37% but locally and regionally the differences
canbelarger (Tian et al., 2024). Ocean flux estimates include those from coastal shelves,
which vary globally by about 41%, and from the open ocean, which vary by about 31%
(Tian et al., 2024).

Correlations in the prior error covariance matrix further control how flux adjustments are
distributed in space and time. Horizontal correlation lengths are intended to represent
the spatial scales over which uncertainties are expected to be coherent, for example,
due to management practices, emission factors, or meteorology. For N,O soil fluxes,
temporal correlations of several weeks to a few months are appropriate for N;O,
reflecting soil moisture, management and meteorology. However, long temporal
correlations may prevent the inversion from correcting seasonal biases.
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5.2. Boundary conditions and the atmospheric sink

Nitrous oxide is a long-lived gas with a lifetime of around 116 = 9 years (Prather et al,,
2015) and its only atmospheric sink is in the upper stratosphere where it undergoes
photolysis (~90% of the loss) and oxidation by O'D radicals (10% of the loss) (Crutzen,
1970; Minschwaner et al., 1993; Ravishankara et al., 2009). Owing to the dependency of
the reactions on sunlight they vary strongly with latitude and time-of-the-year.

Although the loss of N,O occurring within the residence time of N,O within a regional
domain (such as for a sub-continent) is minimal (especially if the regional model does
not include the upper stratosphere) it is vital, however, that the influence of N,O loss is
represented in the boundary conditions, as the global annual loss of N,O is around 13.4
TgN/y compared to a total source of around 18.3 TgN/y (Tian et al., 2024).

The loss of N,O in the stratosphere also results in a strong mixing ratio gradient across
the tropopause, and the largely seasonal mixing between the stratosphere and
troposphere (stratosphere-troposphere exchange, STE) has a significant influence on
tropospheric N2,O (Nevison et al., 2024). The seasonal cycle of N,O especially at mid to
high latitude sites is determined by the seasonal STE and propagation of the signal from
the tropopause to the lower troposphere as well as the seasonality of the surface fluxes
(Ishijima et al., 2010; Thompson et al., 2014b). Together this results in a minimum in N,O
in August-September in the Northern Hemisphere and in April-June in the Southern
Hemisphere ((Sun et al., 2024), see also Figure 5.1).
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Figure 5.1. Components of the seasonal cycle of N2O in the lower troposphere at 8 example sites at different
latitudes (in order north to south from left to right). The thin black lines are the observed seasonal cycles for 10 years
(2013 to 2022) from NOAA flask network data and the thick black line is the mean. The thin yellow lines are the
modelled stratospheric influence at each site (using the model LMDz-v6).

Furthermore, inter-annual variations in STE also have an impact on tropospheric N,O
variability, in particular, due to the Quasi-Biannual Oscillation (QBO), which produces a
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periodicity of around 2 years in the tropospheric N,O growth rate (Ruiz et al., 2021).
Correct representation of atmospheric circulation to capture the variations in
tropospheric N,O is important for an inversion to be able to correctly constrain the
surface fluxes and otherwise the seasonal and inter-annual variations in N,O fluxes will
contain artefacts. Thus, having an accurate vertical mixing ratio gradient and
representation of STE in models is crucial to simulating tropospheric N,O in both global
and regional models. The representation of the gradient in a global model can be
improved by using a spin-up period of several years (the length of spin-up needed will
depend on the accuracy of the initial mixing ratios used).

In regional inversions, the boundary mixing ratios, or background mixing ratios, as with
other long-lived species, will have an important influence on the posterior flux
estimation. Therefore, as also stated in Section 2.3.2, it is strongly recommended to
include variables for the optimization of the boundary or background mixing ratios. The
same strategies to do this for other species can also be used for N,O (see Section 4.2).

6. F-gas inversions
Martin Vojta and Omid Nabavi

Fluorinated gases (F-gases) are a family of different substance classes containing
fluorine, specifically hydrofluorocarbons (HFCs), perfluorocarbons (PFCs), sulfur
hexafluoride (SFs), and nitrogen trifluoride (NF3). Their lifetimes vary, e.g., from 1.5 years
for HFC-152a to about 900 years for SFs and 50.000 years for perfluoromethane (CF,).
Most of these gases are purely human-made and used, for instance, in refrigeration, air-
conditioning, aluminum smelting, etc. For some of these gases, very small natural
sources may exist but can be ignored for the purpose of inverse modelling. F-gases have
high radiative efficiency and are chemically related to chlorofluorocarbons (CFCs) and
hydrochlorofluorocarbons (HCFCs), which also contain other halogen atoms than
fluorine and lead to stratospheric ozone destruction.

For F-gases, atmospheric transport is generally considered less challenging to model
than for e.g. CO, for which the diurnal variations in the fluxes are correlated with
variations in boundary layer dynamics. Except for a few HFCs, with substantial losses
due to oxidation by OH in the troposphere, most F-gases undergo only very slow
chemical removal in the stratosphere or above, which in many cases can even be
neglected. In addition, because F-gas emissions originate from well-defined
anthropogenic sectors, there is no need to account for soil exchange, biogenic sources,
or natural variability.

However, F-gas inversions face other important challenges. Observational coverage is
much sparser than for CO,, CH,, or N,O. Emissions are hard to quantify with bottom-up
methods, due to numerous diffuse and sometimes unreported sources, resulting in
substantial discrepancies in inventories that serve as prior information for the inversion,
while the magnitude of emission uncertainties, as well as their spatial and temporal
correlations are usually not provided by the inventories. Some F-gases originate almost
exclusively from relatively few point sources, where they may be used as feed-stocks for
the production of other gases or substances, while others have only sporadic emissions
during certain events (e.g., fires in transformer stations). Furthermore, the influence of
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boundary mixing ratios of most F-gases is relatively large compared to the episodic
pollution events observed at monitoring sites, making the inversion results highly
sensitive to the boundary mixing ratios. Furthermore, as is common in atmospheric
inversions, many aspects of the optimization process rely on assumptions and expert
judgment.

6.1. Prior emissions and uncertainties

Prior emissions of F-gases can be taken from bottom-up inventories such as EDGAR
(Crippa et al., 2024) and GAINS (Purohit and Hoglund-lsaksson, 2017), which provide
gridded data. Another common approach is to use national emissions reported under
the UNFCCC (where available) and distribute them on a spatial grid using proxy data
such as population density or industrial activity e.g. (Stohl et al., 2009; Vojta et al., 2024).
Depending on the species and region, bottom-up estimates can show large
discrepancies, such as missing emissions or temporal irregularities in certain countries
that are often caused by the varying availability of national emission reports. In poorly
observed areas the inversion may be strongly influenced (or nearly entirely controlled) by
the choice of prior emissions. Bottom-up inventories for F-gases are typically calculated
on an annual basis, based on yearly reported activity data and emission factors.
Generally, a temporal resolution of one year also provides a robust choice for F-gas
inversions.

The uncertainties of the emissions used as prior information are largely unknown. A
simple and robust approach to estimate the prior emission uncertainty is to specify this
as a fraction of the emission values in each grid cell assuming that regions with higher
reported emissions also carry proportionally larger uncertainties. When using this
approach, it is recommended to prescribe a minimum prior uncertainty, ensuring that
the inversion algorithm can adjust emissions even in grid cells with small or zero prior
emissions. In a similar way, a maximum prior uncertainty may be prescribed to prevent
unrealistically large uncertainty values from dominating the inversion. An alternative
approach to estimating prior emission uncertainties is to base them on comparisons
between different bottom-up emission inventories, which better reflects uncertainties
arising from activity data, emission factors, and methodological choices. However,
different inventories might not be fully independent and may share common
assumptions or biases, potentially underestimating true uncertainty. In principle, top-
down estimates can also be compared with bottom-up inventories, however, differences
may also reflect uncertainties in atmospheric transport and observational systems,
rather than emission uncertainties only.

For F-gas inversions, the results can be highly sensitive to the choice of the spatial
correlation length used to calculate the prior error covariance matrix (Vojta et al., 2025).
This choice may be guided by the dominant type of source for a chosen F-gas, for
instance, whether emissions are mostly widespread (e.g., air-conditioning) or due to few
individual industrial point sources. Increasing the correlation length generally allows
observational information to influence a larger number of grid cells, but may come at the
cost of reducing the inversion’s ability to resolve spatial variability in the emissions (as
illustrated in Figure 6.1). Conversely, a very small correlation length can result in an
insufficient observational constraint at the grid-cell scale if the overall magnitude of the
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prior covariance is kept fixed. In this case, the inversion problem can become ill-
determined leading to noisy posterior fluxes and, in some cases, unrealistic negative
emission estimates. Alternatively, the prior covariance can be rescaled, for example to
maintain a consistent overall level of prior uncertainty.

70°N{ (a) no correlation (b) 50 km

60°N

50°N

40°N

30°N

70°N

60°N

50°N

40°N

15°wW 0°w 15°E 30°E 15°W o°w 15°E 30°E

a posteriori - a priori [pg s~ m™?]

-30 =20 -10 0 10 20 30

Figure 6.1: SF4 inversion increments (posterior minus prior) under different spatial correlation lengths, when using an
exponential decay function to account for uncertainty correlations. As the correlation length increases, the
increments become less localized as observational information is spread over larger areas.

If the state vector is temporally resolved, as in multi-year or seasonal inversions,
including temporal correlations in the prior errors can also improve inversion results.
Longer temporal correlation lengths help to stabilize the inversion against spurious
temporal variability (arising from, e.g. temporally uneven observational coverage).
However, too long correlations can reduce the ability to resolve temporal variations in
emissions.

Bottom-up F-gas fluxes are typically strictly positive, with many small values and a few
large ones, forming a distribution well approximated by a lognormal distribution (as
illustrated in Figure 6.2 for the EDGAR SF4 inventory), strongly suggesting that the errors
follow a lognormal distribution as well.

If nevertheless, Gaussian prior errors are assumed, the inversion can produce negative
posterior fluxes on a grid-cell basis, because these values can still lie within the
prescribed uncertainties. Therefore, it is recommended to apply some non-negativity
constraint. If the posterior error covariance matrix can be computed (and stored in
memory), the truncated-Gaussian method of Thacker (Thacker, 2007) can be used,
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which enforces non-negativity as an inequality constraint. Here, the adjusted fluxes, x*?
are calculated as

x% = x* 4+ PTT(TPTT)'(c — Tx?) , (6.1)

where x? is the original posterior estimate, P the posterior error covariance matrix, T the
operator identifying negative fluxes, and c the constraint vector.
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Figure 6.2: European SFs emission distribution derived from the gridded EDGAR (version 8) bottom-up inventory.

Another recommended approach is to use a log-normal distribution for the prior errors,
which is defined only for positive control variable values and, therefore, ensures a
positive posterior solution (Vojta, Thompson, and Pisso, 2026). In this case, however, the
posterior error covariance matrix cannot be calculated analytically, and posterior
uncertainties must instead be estimated from an inversion ensemble.

6.2. Boundary conditions
6.2.1. Boundary mixing ratios

Contrary to the major greenhouse gases, for most F-gases, global mixing ratio fields do
not exist or are not readily available and, therefore, purely observation-based
background estimators such as the Robust Estimation of Baseline Signal (REBS) method
(Ruckstuhl et al., 2012) have typically been used to estimate the background in
inversions that are based on Lagrangian transport models. However, as discussed in
Section 2.3.2, it is highly recommended also for F-gases to estimate background mixing
ratios by coupling the endpoints of the backwards trajectories to mixing ratios from a
(coarse resolution) global model. This method is fully consistent with the length of the
Lagrangian backwards simulation period and avoids the systematic biases inherent in
observation-filtering approaches, which do not incorporate any model information (Vojta
et al., 2022). However, this requires to first create global mixing ratio fields, for example
by adopting a method such as described in (Zwaaftink et al., 2018) or (Vojta et al., 2022,
2024). In this approach, mixing ratios are simulated with a Lagrangian model operated in
a global domain-filling mode, while a nudging routine relaxes the model fields towards
atmospheric observations. In principle, any global model may be used, provided that the
background fields are free of significant biases, since such biases (if not corrected-for in
the inversion) will directly propagate into the posterior emissions. While coupling at the
trajectory endpoints offers a robust approach for both global and regional inversions,
coupling at the spatial boundaries of the regional domain e.g. (Ganesan et al., 2017; Lunt
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et al., 2016; Ramsden et al., 2022; Say et al., 2019) provides a suitable alternative for
regional inversions. In Eulerian inversion frameworks, similarly, boundary mixing ratios
for a regional domain are typically prescribed from a global model at the edges of the
domain, ensuring consistency with large-scale background mixing ratios e.g.
(Rédenbeck et al., 2009).

6.2.2. Optimization of the boundary mixing ratios

Even if global mixing ratio fields are constrained by observations, some residual biases
will always remain. This is particularly true for F-gases, for which far fewer observations
exist than for the major greenhouse gases and thus uncertainties in the background are
relatively larger. Therefore, it is important to include the optimization of boundary (or
background) mixing ratios as part of the inversion, and this is again especially pertinent
for F-gases, for which the posterior emissions are highly sensitive to errors in the
boundary mixing ratios. This adjustment can be implemented by optimizing scalars of
the boundary or initial mixing ratios resolved on a coarse grid e.g. (Thompson and Stohl,
2014). For this, it is necessary to specify appropriate uncertainties for the scalars and to
choose suitable spatial and temporal resolutions and correlation lengths for the
optimization.

e Uncertainty: F-gas inversion results are typically highly sensitive to the
prescribed uncertainty in variables controlling the optimization of the boundary,
initial or background mixing ratios. Although the true uncertainty is unknown,
scalars defined on a coarse grid can usually be well constrained, meaning that
underestimating the uncertainty is generally more problematic than
overestimating. (Vojta et al., 2025) demonstrated that increasing the uncertainty
on scalars canimprove inversion outcomes, but that results tend to stabilize once
the uncertainty exceeds a certain threshold, as illustrated in Figure 6.3. It is,
therefore, recommended to perform sensitivity tests for the uncertainty to ensure
that it is not underestimated.

e Spatial resolution: Many F-gases exhibit a large inter-hemispheric gradient in
atmospheric mixing ratios, therefore, potential biases in the modeled fields likely
differ between the Southern and Northern Hemispheres. Thus, itis recommended
to optimize the background in at least two latitudinal bands, while using four
bands generally provides a robust choice (Vojta et al., 2025). When a finer
subdivision of the background is required, spatial correlation between respective
scalars might be applied to improve the constraint.

e Temporal resolution: The temporal aggregation interval for the background
optimization typically has only a minor influence on inversion results (Vojta et al.,
2025). A 30-day interval represents a reasonable and commonly effective choice.
As forthe spatial case, temporal correlations may be imposed to further constrain
the scalars where additional regularization is required.
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Figure 6.3: Inversion results for varying uncertainty settings regarding the optimization of boundary mixing ratios,
illustrated for constraining annual SF; emissions in the UK. Increasing the prescribed uncertainty has a substantial
effect on the inferred emissions, however, the sensitivity decreases at higher uncertainty levels, and the results
stabilize once the uncertainty exceeds a certain threshold between 1 and 10%.

6.3. Observations and observation uncertainties

Observation datasets are discussed in detail in Section 7.1. However, here it is worth
noting that the choice of datasets, including data selection, filtering, and averaging, can
also significantly influence inversion results for F-gases (Vojta et al., 2025). For low-
altitude stations, afternoon observations may be selected to focus on periods with a
well-mixed planetary boundary layer, when model errors are expected to be smallest. At
mountain stations, nighttime observations may be preferred to reduce errors associated
with daytime small-scale upslope winds in complex terrain, which are not resolved by
the model. Especially when observation error correlations are not explicitly considered,
also averaging observations over predefined time intervals (e.g. 3 hours to daily) may be
considered to prevent an overestimation of the impact of high-frequency measurements,
while at the same time reducing representation errors and short-term variability that are
not resolved by the model. However, decisions on observation selection and temporal
averaging should be based on the ability of the model to represent the observations (e.g.
spatial and temporal resolution of the model and input wind fields) while ensuring that
sufficient information is retained to constrain the inversion.

Depending on the data provider, measured F-gas mole fractions are calibrated to
different reference scales, such as the Scripps Institution of Oceanography (SIO), World
Meteorological Organization (WMO), or National Institute for Environmental Studies
(NIES) scales. When combining datasets, it is, therefore, crucial to convert all
measurements to a common calibration scale to ensure consistency. This is especially
important for species with low atmospheric abundances and rapid growth rates (e.g.,
HFC-32, HFC-365mfc), where small absolute calibration offsets correspond to large
relative differences, which can bias inversion results.

Observation uncertainties, including measurement and model representation errors, are
difficult to quantify. An estimation based on model residuals (the difference between
observed and simulated mole fractions) at the measurement stations e.g. (Henne et al.,
2016; Stohl et al., 2009) is problematic as it violates the independence of the prior and
observations spaces, and residuals also include emission errors, leading to an
overestimation of uncertainty. Such approaches should therefore be used with caution
and can only serve as a rough estimate of model error magnitude. Transport ensemble
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approaches with multiple transport realizations have been presented to estimate model
errors e.g. (Diaz-lsaac et al.,, 2019) and idealized experiments have shown that
incorporating temporally varying, flow-dependent model uncertainties can improve
emission estimates (Steiner et al.,, 2024b). However, these approaches are
computationally demanding and not always feasible. Approaches for determining
whether uncertainties are appropriately chosen are presented in Section 2.5.

6.4. Atmospheric chemistry

For hydrogen containing F-gases (HFCs) reaction with the OH radical is the dominant
atmospheric removal process, which occurs primarily in the troposphere. Stratospheric
loss, including photolysis and reactions with electronically excited oxygen, O('D), is
much slower and is usually negligible, except for some long-lived HFCs (e.g., HFC-125,
HFC-143a), contributing a few percent to total loss (Ko et al., 2013). CFCs are removed
primarily via stratospheric photolysis, leading to lifetimes of decades to a century,
whereas highly fluorinated species such as NF;, PFCs, and SF4 are extremely stable, with
upper atmospheric loss processes so slow that their atmospheric lifetimes extend to
centuries or millennia.

Long-term (months to years) simulations of HFCs within Eulerian inverse modelling
frameworks should include OH reactions to accurately represent the decay of
atmospheric mixing ratios. In contrast, when using Lagrangian models to simulate
emission sensitivities, OH-induced chemical loss is generally negligible over typical
backward simulation periods (e.g. ~10 - 50 days) for most species. Consequently, except
for the most short-lived ones, HFCs can be treated as inert when constructing the
sensitivity matrix with Lagrangian models, which simplifies the workflow without
introducing significant error. When simulating mixing ratio fields of HFCs for coupling to
Lagrangian models to provide the background, OH-induced chemical loss should,
however, be included.

For HFCs, the rate constant k(T) of OH-induced chemical loss may be calculated using
the Arrhenius-type formulation

k(T) = Aexp (—g) (6.2)

where A (cm®/molecule/s) and D (K) are species-specific constants, with D =
E,R~! representing the activation energy E, divided by the gas constant, R, and T is the
absolute temperature (Atkinson, 1997). Global OH datasets are listed in Table 4.4, while
species-specific constants can be taken from literature. Table 6.4 gives an overview
about relevant HFCs, showing the lifetime, species-specific parameters, together with
the corresponding reaction rate constants at 298 K, and their associated uncertainties.
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Table 6.1 Atmospheric lifetimes (Forster et al., 2021), species-specific constants (HFC-125, HFC-143a, HFC-134a,
and HFC-32 from (Wilson, et al., 2007) and HFC-23 from (Hampson et al., 1989), corresponding reaction rate
constants, and associated uncertainty factors at 298 K for relevant HFCs.

Uncertainty
. Atmospheric | A k (298 K) factor at
Species lifetime (y) (cm®molec™'s™) D (K) (cm®molec™'s™") | 298 K
HFC-134a | 14 1.5x107"? 1750 | 4.2x107" 1.2
HFC-143a | 51 1.8x107"? 2170 [1.2x107"® 2.0
HFC-23 228 1.5x107"? 2650 [ 2.1x107"® 1.5
HFC-32 5.4 1.9x107"? 1550 | 1.1 x 107" 1.2
HFC-125 | 30 56x10""° 1700 | 1.9x107"® 2.0

Depending on the species, uncertainties of OH reaction rate constants of HFCs can be
considerable (up to a factor of 2) and represent an additional source of uncertainty
alongside uncertainties in the OH fields.

Highly fluorinated species (e.g., PFCs, SF,, NF;) can generally be treated as inert due to
their extremely long lifetimes and negligible chemical loss.

7. Atmospheric observations

Antoine Berchet, Christine Groot Zwaaftink, Aki Tsuruta and Rona Thompson

7.1. Ground-based observations

7.1.1. Types of observations

In-situ observations are based on samples of air and are collected on a variety of
platforms. They foremost include ground-based observations from tall towers and near-
surface stations but can also be made on moving platforms such as aircraft, drones,
weather balloons, or ships. Historically, measurements of CO, have been mainly based
on non-dispersive infrared (NDIR) absorption techniques and measurements of CH, and
N.O based on gas chromatography (GC). However, more recently, GC measurements of
CHsand N;O are increasingly being replaced by different spectroscopic instruments with
extended path lengths (Zellweger et al., 2016). Observations can be made at high
temporal frequency (continuous observations) or low temporal frequency (such as flask
samples, which are typically weekly to biweekly). Although the flask sampling method
limits temporal frequency, the sampled air can be later analyzed (in a central laboratory)
for multiple species and for isotopic composition. Moreover, since the infrastructure
required for flask sampling is much simpler than that for in-situ instruments, flask
samples can be taken at remote sites where running and maintaining gas analysis
instruments is challenging.

National and international monitoring networks of GHG measurements have been
established over the past approximately four decades and include for instance the NOAA
Global Greenhouse Gas Reference Network (https://gml.noaa.gov/ccgg/about.html),
the Integrated Carbon Observation System (ICOS) network (https://www.icos-cp.eu/)
and the Advanced Global Atmospheric Gases Experiment (AGAGE; https://www-
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air.larc.nasa.gov/missions/agage/global-network). Data from several networks are
archived at the World Data Centre for Greenhouse Gases (WDCGG,
https://gaw.kishou.go.jp/) and EBAS (https://ebas.nilu.no/).

7.1.2. Data selection and averaging

The location of the observation site and timing of the observations are critical for
determining their representativeness. That is, a near-surface observation might only be
representative of local fluxes while observations from tall towers (typically in the order of
50 to 400 m height) are generally set-up to sample the well-mixed boundary layer and
their footprints can extend up to many 1000s of km? to obtain regional coverage e.g.
(Bakwin et al.,, 1998a; Gloor et al.,, 2001). Moreover, a large difference in the
representativeness of nighttime and daytime observations might be seen. At mountain
sites, daytime observations can be strongly influenced by local fluxes due to valley
breezes and upslope winds, which at the typical resolution of most transport models
cannot be accurately represented (see also Section 2.3.1). It is, therefore, usually
preferable to use nighttime values (e.g. 0—4 AM local time) at mountain sites, when there
is subsidence over the mountains and downslope winds prevail. For other sites,
however, it is preferable to use daytime afternoon (e.g. 12 - 16 local time) values, when
the atmospheric boundary layer is well developed (Bakwin et al., 1998b; Steiner et al.,
2024b), its height well captured in meteorological data sets and vertical gradients in
mixing ratios minimal inside the boundary layer. In inverse modelling, observations can
be averaged to reduce computational cost and noise as well as to find a meaningful
balance between modelled and observed resolutions. Any averaging interval has to
preserve the information relevant for flux estimation while not underestimating errors or
introducing biases. It is important to consider the variability meant to be captured in the
top-down estimates and this will vary depending on the modelled region and greenhouse
gas. For several species, a common set-up is to use daily mean afternoon values at least
for non-mountain sites.

7.1.3. Model representation and uncertainty

An issue with mountain sites, is the representation of the observations in model
simulations. Complex terrain may not be well captured in a model owing to the finite
resolution to which the topography is averaged (smoothed) over each grid cell. This can
lead to significant differences between the model and actual elevation of an observation
site and thus significant transport error. For instance, if the site’s vertical coordinate in
the model is given as the height above ground level, this may place the site too low if the
model topography is lower than in reality. On the other hand, if the vertical coordinate is
given as the height above sea level this may place the site too high above the model
surface. This error can be reduced by adjusting the height used to represent an
observation in the simulation to one that is more representative of the observation. A
common approach is to use the average between the model surface altitude and the
site’s actual altitude e.g. (Henne et al., 2016) .

Another issue can arise with coastal sites, which when represented by the closest grid
cell (in a Eulerian model) to the site’s coordinates may incorrectly place the site in the
ocean depending on the model resolution and land-sea boundary. This can result in an
inaccurate representation of the site by the model. Thus, for coastal sites it is important
to check if the grid cell selected is the most appropriate. Furthermore, observations at
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coastal sites may be influenced by land/sea breeze oscillations that may not be well
captured by a model, and thus some data selection may be needed to assimilate only
observations, which the model can represent (Ahmadov et al. 2007).

Further discussion on how to account for observation space uncertainties is given in
Sections 2.3.1 and 2.3.2.

7.1.4. Calibration scales and data quality

Calibration can be an important source of uncertainty, especially for gases with very low
ambient levels and for isotopes. Small calibration offsets between laboratories or from
a single laboratory over time can be misinterpreted as signals and impact emission
quantification and trend estimation, (e.g. Levin et al.,, 2012). Umezawa et al.
(2018) reported significant offsets of &C-CH, (0.5 %o0) and OD-CH,; (up to 13 %o)
measurements among data sets from different laboratories and Dasgupta et al.
(2025) provide calibration scale correction factors and data on a harmonized calibration
scale. Several calibration scales for N,O exist with average differences up to 0.23% (Hall
et al., 2007). Guillevic et al. (2018) provided calibration standards for halogenated
greenhouse gases showing differences up to 9% to existing scales. Given these large
differences between observations from multiple networks and laboratories, correction
of data by offsets or calibration scales is required to reduce bias and uncertainty of
posterior emission estimates in atmospheric inversions.

Data quality can also be a significant issue for some species, especially those that are
technically more challenging to measure, such as N,O. This problem, especially for N,O,
is exacerbated by the fact that the mixing ratio gradients in the atmosphere (the signal)
are relatively small compared to the precision and repeatability (noise) of the
observations, resulting in a low signal-to-noise ratio. Some datasets provide quality flags
indicating problematic observations, and these should be used to remove invalid
observations. However, often there can still be problematic observations that have not
been flagged, therefore, all observation timeseries should be checked for physically
improbable values, e.g., values far below the baseline in a long-lived gas, or step jumps
in the baseline and filtered.

7.2. Satellite observations
7.2.1. Context

Driven by sustained and substantial investments from major space agencies (most
notably NASA, ESA, and JAXA) satellite-based monitoring of greenhouse gas (GHG)
mixing ratios has undergone rapid and transformative progress over the past decade.
What was once an experimental capability has evolved into a mature and increasingly
operational component of the global GHG observing system. Satellite “flux mappers”
now routinely provide measurements of atmospheric CO, and CH, atmospheric column
mixing ratios with spatial resolution, accuracy, and coverage that are directly relevant for
regional-to-global monitoring applications (Jacob et al., 2022). These observations
support the quantification of emissions and sinks, trend detection, and the independent
verification of national and sub-nationalinventories (Byrne et al. 2023; Deng et al. 2025).

The first generation of space-based GHG instruments emerged in the early 2000s with
missions such as SCIAMACHY and IASI, which demonstrated the feasibility of retrieving
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column-averaged CH, mixing ratios from space (see Figure 7.1). This capability was
significantly advanced in the 2010s through dedicated missions including GOSAT-1 and
GOSAT-2 (CH; and CO;), OCO-2 and OCO-3 (CO,), and the imaging spectrometer
TROPOMI (CH,). These missions marked a step change in data quality, spatial coverage,
and retrieval precision. The current and upcoming decade is characterized by further
expansion and consolidation of this observing capacity. New missions such as Sentinel-
5, GOSAT-GW, MicroCarb, and the next-generation IASI (all launched in 2025) are
extending observational continuity, spectral capability, and spatial detail. Looking
ahead, planned missions including CO2M and MERLIN will further enhance the ability to
monitor anthropogenic CO, and CH, emissions with unprecedented sensitivity and
revisit frequency. In contrast to CO, and CH,, current satellite retrievals of N,O remain
too imprecise and too insensitive to the lower troposphere to be useful for atmospheric
inversions for flux estimation (Bdsch et al. 2026).

Updated October 2025 GHG Missions - Global GHG Mappers, CO2 & CH4
. CH4 only
Envisat (SCAMACHY] | KRR T T T T T T T T T T I TS o Dot €01 & e
GOSAT [TANSO-FTS] VLSS SIS SIS Y
0CO-2 [Spectrometer (0CO-2)]
Sentinel-5 precursor [TROPOMI (UVNS)]- P |
FY-3D, FY-3H [GAS] VLSS LS SIS LSS
GF-5 [GMI] VL2224 44
GOSAT-2 [TANSO-FTS-2] SIS
0CO-3-0n-ISS [Spectrometer (OCO-3)]
UVSQ-Sat NG [UVSQ-Sat NG Spectrometer] - L2222 24d
GOSAT-GW [TANSO-3]- (22222222474
MicroCarb [Microcarb]+
Sentinel-5 A, B, C [UVNS (Sentinel-5)] | |
Sentinel CO2M [CO2I] VL2222 24
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Figure 7.1: Overview of GHG monitoring satellite missions from years 2000s to 2030s (from the Committee on Earth
Observation Satellites; https://database.eohandbook.com/ghg/).

Across successive generations of instruments, the spatial resolution has improved
dramatically from sparse sampling with large footprints separated by several hundred
kilometers toimaging at kilometer-scale resolution. At the same time, swath widths have
expanded to several hundred or even thousands of kilometers, enabling near-global daily
coverage (Jacob et al., 2022). Advances in spectroscopy, calibration, and retrieval
algorithms have also led to steadily improving accuracy and precision, increasing
confidence in the robustness and policy relevance of satellite-derived GHG data.
Together, these developments signal a transition toward a sustained, reliable, and
increasingly operational satellite-based capability for greenhouse gas monitoring at
scalesrelevant to climate science, emissions reporting, and international climate policy.

In contrast to ground-based in situ observations, satellite remote-sensing platforms do
not measure GHG mixing ratios directly. Instead, satellite observations rely on the
analysis of high-resolution spectra of solar radiation that is reflected by the Earth’s
surface or scattered within the atmosphere. These spectra contain absorption features
associated with specific gases, from which atmospheric composition can be inferred.
The retrieval of greenhouse gas information from satellite measurements is performed
using radiative transfer models that simulate the interaction of radiation with the
atmosphere and the surface. These models require detailed ancillary information on
atmospheric state variables, including pressure, temperature, water vapour, aerosols,
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cloud properties, surface albedo and the concentrations of multiple trace gases
(Schneising et al. 2019). Retrieval algorithms then iteratively adjust the atmospheric
parameters, specifically the vertical mixing ratio distribution of the species of interest, to
minimize the mismatch between simulated and observed spectrograms. However, the
information content of the measured spectra is typically limited to the total column
abundance of the target gas. In most cases, the number of independent degrees of
freedom contained in a spectrum is not enough to resolve the vertical structure of
greenhouse gas concentrations. As a result, satellite datasets usually do not address the
vertical profile. The vertical profile that is used in the retrieval relies primarily on a priori
assumptions. Because of this, satellite data products generally report vertically
integrated quantities, such as total or column-averaged dry-air mixing ratios
(equivalently mole fractions (e.g., XCO, or XCH,)), rather than full vertical profiles. These
column products are not directly comparable to model-simulated mixing ratios or point-
based in situ observations, and such comparisons require appropriate processing of
model or observed data. Further details on the comparison between atmospheric
models and satellite observations are provided in Section 7.2.2.

The sensitivity of a satellite retrieval to mixing ratios at different altitudes is characterized
by the so-called averaging kernel. Averaging kernels provide a compact, approximately
linear representation of how true atmospheric mixing ratios are mapped onto retrieved
quantities by the inverse retrieval algorithm process. However, averaging kernels depend
on the specific retrieval algorithm, spectral configuration, and assumptions used, and
are, therefore, not directly comparable across different satellite products or even
retrievals from the same product. Recognizing these challenges, significant efforts have
been undertaken in recent years to harmonize data formats, retrieval diagnostics, and
documentation to facilitate the use of satellite GHG products by the atmospheric
modelling and inverse modelling communities. Notably, initiatives such as the ESA
Greenhouse Gas Climate Change Initiative (GHG-CCI) (e.g. Buchwitz et al., 2015) have
played a central role in standardizing retrieval outputs and uncertainty characterization.
These advances have made it possible to robustly and efficiently integrate satellite-
derived greenhouse gas datasets into atmospheric inversion systems for GHG flux
estimation and monitoring.

7.2.2. Representation in atmospheric transport models for inversions

The satellite GHG retrievals are sensitive to various inputs and set-ups of the retrieval
methods, which need to be considered carefully when the retrievals are assimilated in
atmospheric inversions. As mentioned in Section 7.2.1, the retrieval products have
different temporal, spatial and vertical resolutions, error characterization, averaging
kernels, surface pressure and sensitivities to e.g. albedo. All these affect the flux
inversion results because they influence the retrieved column mixing ratios and hence
the model-observation mismatches (Patra et al., 2021a; Schuh et al., 2019; Sicsik-Paré
et al., 2025; Tsuruta et al., 2025; Ward et al., 2025). Therefore, it is recommended,
wherever possible, to test inversions with different retrieval datasets to obtain a robust
estimate of the fluxes.

Data filtering before assimilation is also important to avoid misattribution of the fluxes
by poor quality data or model representation. The satellite retrieval data often provide
metrics to help data filtering, and it is recommended to take only the best quality data. In
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addition, there are a number of other considerations when comparing models with
retrievals: 1) the surface pressure and pressure layers, 2) the retrieval averaging kernels
(AKs), and 3) model transport and retrieval errors. These are discussed in more detail
below.

1. Surface pressure and pressure layers: The retrieval surface pressure may be
significantly different from that in an atmospheric transport model, especially in areas
with very heterogeneous topography, or more generally high-altitude areas (Kiel et al.,
2019). The differences in the surface pressure may lead to different total column mixing
ratios between the retrievals and model estimates. Moreover, to apply the retrieval AKs
(see point 2 below), the model vertical mixing ratio profiles need to be interpolated to
match the retrieval pressure layers. The interpolation, and any difference between the
retrieval and model surface pressure, may lead to changes in the model total column
mixing ratio. Therefore, a correction should be applied to the modelled column mixing
ratios to maintain mass balance. This correction, a, can be calculated according to:

_ (vmzZm) X Zri

= wrz) 3 2mg (77)
where v, is the model mixing ratio profile, v, is the model mixing ratio profile interpolated
to the retrieval pressure layers, z,, is a vector of the thicknesses of the model pressure
layers, and z.is a vector of the thicknesses of the retrieval pressure layers.

2. Averaging kernels: AKs from the retrievals are a key component that represents how
dependent the retrieved column mixing ratio is on the prior profile used in the retrieval,
and how strongly the retrieval of mixing ratios in different vertical layers in the
atmosphere depend on mixing ratios in other layers (see also Section 7.2.1). Therefore,
it is essential to take into account the AK when comparing retrievals with modelled total
column mixing ratios e.g. (Rodgers and Connor, 2003) (see Figures 7.2 and 7.3). The
modelled total column can be adjusted for comparison using:

Cm = Cprior T (wo a)T(vm - vprior) (7.2)

where cm is the adjusted modelled column value, cprior is retrieved prior column value, w
is a pressure weighting function, a is a column vector of averaging kernel profiles, v» and
vprior are modelled and retrieved mole fraction values at each model or retrieval layer. The
column AK can be derived from the full AK matrix by:

Az
a, = X Ay EJL_ (7.3)
where Ajj is the full averaging kernel matrix, 4z; and 4z; are the effective thickness of the
pressure levels. To apply the AK, the model mixing ratio profile, v.» needs to be
interpolated to retrieval layers (see point 1).

3. Model transport and retrieval errors: Despite significant recent developments in
transport models and bias corrections of the retrieval data (e.g. Schneising et al., 2025),
the transport model representations of tropopause height and stratospheric transport
and chemistry may be poor (Krol et al., 2018; Tsuruta et al., 2023a) and the retrieval data
may be subject to spatial or temporal biases due to lack of validation data (Lindqvist et
al., 2024; Sha et al., 2021). These could lead to errors due to the differences between
prior profiles, and large differences between the modelled and retrieved column values
that can lead to erroneous corrections to the prior fluxes. There is no standard way to
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handle such errors, but one could: i) apply regional or seasonal correction factors to the
retrieval data (Houweling et al., 2017; Wang et al., 2022), ii) optimize multiple tracers
simultaneously by ratio methods (e.g. CO,:CH,using GOSAT; Palmeretal., 2021; Pandey
et al., 2015) or iii) simply discard retrievals from the most problematic regions and/or
times (Baray et al., 2021; Lu et al., 2022).
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Figure 7.2: Example averaging kernels and prior profiles of different TROPOMI retrieval products, 2019 over Europe.
The averaging kernel sensitivity tells that the retrievals are more sensitive to layers close to the surface. SRON and
BLENDED retrieval products share exactly the same profile. The right panels of prior profiles illustrates that part of
differences that appear in XCH4 values from different retrieval products come from the prior profiles of the retrievals.
(Figure courtesy of Sicsik-Paré et al., 2025)
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(right) column CH4 against JAXA/EORC GOSAT v3.0 data. The positive values indicate higher modelled values without
averaging kernels applied compared to those with averaging kernels.
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7.2.3. Data processing and uncertainty propagation for inversions

As the number of retrievals in satellite data products are extensive, the inversion system
may not be able to handle all the data, such that the system becomes computationally
too expensive. In particular, for Lagrangian transport models, the inversion requires
source-receptor-relationships (SRRs) (see Section 2.1.1) to be calculated for all the
retrievals, which can be a very large number.

One effective and rather straight-forward way to reduce the computation cost is to
average the retrievals. Averaged retrievals are sometimes called super-observations.
This approach has been taken for assimilation of medium-resolution satellite data such
as OCO-2 and TROPOMLI. The level of aggregation may be subjective. For example, OCO-
2 data have been averaged in time over 10 seconds (Baker et al., 2021; Crowell et al.,
2019) while TROPOMI data have been averaged in space to 0.5° to 2.0° grid cells in line
with atmospheric transport model resolutions (Chen et al., 2022; Tsuruta et al., 2023b;
Ward et al., 2025). An alternative approach is to base the averaging on the heterogeneity
of the retrieved mixing ratios leading to variable spatial resolution according to the
variability of the mixing ratios (Thompson et al., 2025).

In addition, Thompson et al., (2025) introduced a new computationally efficient method
to model total column observations, such as those from satellites, using a Lagrangian
transport model, thus reducing the cost of assimilating satellite data into Lagrangian-
based inversion frameworks. There is an urgent need for such solutionsin all Lagrangian-
based inversion frameworks considering the acceleration of the amount of satellite data
in the future missions and the increasing resolution of the footprints.

Another concern in assimilating satellite data is the uncertainty propagation in
observation space, i.e. definition of observation error covariance matrix, R. As
mentioned in Section 2.5, R should contain both observations and transport model
errors. Regarding the observation error, there are mainly two aspects to consider: 1) the
uncertainty of the retrievals or super-observations and 2) how to account for correlated
errors.

In super-observations (Rijsdijk et al., 2025), due to aggregation, the observation
uncertainty may also be reduced if the retrieval errors are largely random, i.e., not
correlated. In this case, the observation uncertainty is often calculated as the variance
(square of the standard deviations) of the total or partial column values in each super-
observation (Crowell et al., 2019; Tsuruta et al., 2023; Thompson et al., 2025) or by
propagating the individual retrieval errors assuming some partial correlation between
them (Baker et al., 2021; Vojta et al. 2026). It is also possible to estimate the errors using
hierarchical Bayesian methods (Ward et al., 2025) (see also Section 2.5).

It is also the case that unlike the ground-based observations where the observation
errors can be considered largely random, the errors in the satellite retrievals are often
strongly correlated due to the underlying retrieval methods. However, as described in
Section 2.5, it is not possible to include off-diagonal terms in the observation error
covariance matrix, R for some inversion methods, and in others it could greatly increase
the computational demand. In such cases, the observation error covariance matrix is a
diagonal matrix, but inflation of the observation error variances can be used to account
for correlated errors (Chevallier, 2007; Niwa et al., 2025).
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8. Uncertainty quantification

Ignacio Pisso

8.1. Purpose, scope and what must be reported

This section explains how to quantify and report the uncertainty in the flux products
obtained from an atmospheric inversion. It addresses the following question a user of
these products may ask: how uncertain is the top-down estimate, and how was that
uncertainty obtained? The mathematical framework, the notation and the inversion
methods themselves are given in Section 2 and are not repeated here. The construction
of the prior and observation error covariance matrices B and R is described in Section
2.6.

The uncertainty that matters for emission reporting is the uncertainty of the declared
products, typically national or regional totals over a stated period, rather than the full
posterior error covariance matrix of the control vector. A good practice is, therefore, to
define the reporting products first, and then to decide which uncertainty estimates can
be computed for them. Two distinct contributions have to be quantified. The first is the
statistical posterior uncertainty implied by B and R (Section 8.3), whose validity depends
on the statistical assumptions of the inversion. Whether these assumptions hold is
addressed with the diagnostics of Section 8.4. The second is the systematic uncertainty
associated with choices that B and R do not always represent, such as the prior fluxes,
the boundary conditions, the transport model and the observation selection (Section
8.5). Both must be propagated to the spatiotemporal reporting scale (Section 8.6) before
they can be combined into a total uncertainty (Section 8.7).

Throughout Sections 8 and 9, the reference inversion is defined as the configuration that
uses the most plausible available priors, boundary conditions, observations and
parameter settings, and whose results and posterior uncertainty are those reported.
Sensitivity experiments including twin experiments and alternative configurations are
defined and interpreted relative it. Section 8.8 sets out reporting levels that describe how
completely the uncertainty of a given product has been characterised, and Section 9
illustrates how these products are used to judge whether, at which scales, and for which
periods the results can be trusted.

8.2. Sources of uncertainty and the role of sensitivity analysis

The uncertainty of an inversion result has several distinct origins: the prior fluxes and
their assumed error statistics, the observations and their treatment, the boundary and
initial conditions, the atmospheric transport, and configuration choices made when
setting up the inversion (e.g. resolution, background representation). Typically, only the
first two are represented in B and R (transport is sometimes assumed to be part of R),
and, therefore, only these are reflected in the formal posterior uncertainty. Before the
formal uncertainty is computed, it is good practice to establish which of the remaining
choices are relevant for the products being reported. Sensitivity experiments serve this
purpose: by varying one element of the set-up at a time and examining the change in the
reported aggregates, they identify the influential elements and provide ranges of
variation. In practice, this step precedes the formal uncertainty calculation, because it
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determines which components deserve quantitative treatment and how an ensemble
should be designed. The formal posterior uncertainty of Section 8.3 nevertheless
remains a standard product produced with a Bayesian estimate, and the two are
complementary.

An important limitation must be clearly stated: a sensitivity experiment quantifies the
dependence of the result on a choice. It may not on its own identify a bias. Establishing
that a result is biased requires information from outside the inversion setup: the analysis
of posterior fit residuals (Section 8.4), comparison with observations that were not
assimilated (Section 9.4), or comparison with independent flux products and other
inversion systems (Section 9.7). Varying parameters within the same modelling
framework cannot reveal an error common to all of its configurations.

Ensemble approaches can be used to quantify systematic uncertainty by sampling over
uncertain modelling parameters and configuration choices and examining the induced
spread in the posterior fluxes. In this context, the ensemble is not primarily intended to
represent random posterior covariance (as in ensemble Kalman methods), but rather to
represent sensitivity to available choices in priors, boundary conditions, transport,
observation selection, etc. This complements the posterior uncertainty estimate that is
obtained from the formal random error propagation that the inversion method provides.
For emission reporting, this ensemble spread should be interpreted and reported as a
systematic uncertainty range unless the sampling design and parameter weighting
support a probabilistic interpretation.

For the assessment of parametric uncertainties, Latin Hypercube Sampling (LHS) is a
practical and efficient sampling strategy (Helton and Davis, 2003). LHS is a stratified,
space-filling variant of Monte Carlo sampling that partitions each parameter’s
cumulative distribution function into N equiprobable intervals and draws one value from
each interval, with the additional constraint that each interval is used exactly once per
parameter (Lucas et al., 2017). This design improves coverage of the parameter space
compared with simple random sampling and can reduce the number of samples needed
to obtain stable uncertainty estimates for aggregated metrics.

Pilot sensitivity inversions are recommended to identify influential parameters and to
derive realistic parameter ranges, so that the sampling reflects uncertainty rather than
arbitrary variation. Parameter distributions should be chosen to reflect available
information. For continuous parameters such as multiplicative uncertainties in prior
emissions, boundary condition scaling, or selected observation error inflation factors,
Gaussian or lognormal distributions are commonly used allowing realistic variability. For
parameters that represent model choices or discrete configurations (for example, the
number of control variables, the choice of boundary condition parameterisation, or
alternative selections of optimised latitude bands for initial mixing ratio optimization),
discrete uniform distributions may be appropriate when there is no basis for preferring
one option over another. When discrete choices are included, it is good practice to
ensure that the ensemble samples each category sufficiently and often to enable
interpretation at the reporting scale.

No universal ensemble size can be recommended for all cases. The number of members
should be justified by convergence of the reported aggregates, that is, by demonstrating
that the estimated spread stabilises as members are added, and the achieved size and
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the reason for it should be reported. Ensembles of the order of ten members or less,
which computational cost often imposes, may be sufficient to indicate the magnitude of
a spread but could give a poorly determined estimate of it, and should be presented with
that caveat rather than as good practice.

8.3. Statistical posterior uncertainty

In a linear-Gaussian formulation the posterior error covariance is given by the inverse
Hessian of the cost function at the optimum, equation (2.13). Whether it can be
computed and stored depends on the solution method and on the dimension of the
control vector so a good practice is to define in advance which uncertainty products
required for reporting and evaluation, typically regional and temporal aggregates
(Section 8.6) and compute those without assembling or archiving the full matrix. In all
methods the usefulness of the resulting covariance depends on the specification of B
and R and of the model error, and on the diagnostic checks of Section 8.4. Different
equivalent expressions are commonly used:

P=(B!'+H'R'H)! (8.1)
=B—-BHT(HBHT+R)"'HB (8.2)
=(I-A)B (8.3)

The first form requires the inversion of an N x N matrix and the second of an M x M matrix,
so the choice between them is computational, as it is for the state estimate in equations
(2.18) and (2.19). The third expresses the posterior covariance in terms of the averaging
kernel A of equation (2.16).

The degrees of freedom for signal (DoFS) quantify how many independent pieces of
information the observations contribute about the control vector, and are obtained as
the trace of the averaging kernel matrix A defined in equations (2.16) and (2.17),
DoFS = tr(A) . Equivalently DoFS = n — tr(B™1P), where n is the dimension of the
control vector, so that they can be evaluated from the prior and posterior error
covariances where A is not formed explicitly. A closely related quantity is the uncertainty
reduction, which for a given aggregate is defined as one minus the ratio of the posterior
to the prior uncertainty. A value near zero indicates that the observations have added
little to the prior, and a value approaching one that the posterior is determined almost
entirely by the observations. Like the degrees of freedom for signal, it describes how
strongly the result is constrained rather than constituting an uncertainty in its own right.
Both are interpreted in Section 9.2.
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Table 8.1: Posterior uncertainty products available from each method family. For the advantages and limitations of
the methods themselves see Table 2.2.

Method family

Posterior uncertainty
product

Must be documented

Matrix based analytical
methods

P computed directly from
(8.1) or (8.2), full matrix
available

the form used (N- or M-
form) and any linearisation

Sequential Kalman
methods

P updated at each step
(equation 2.28), available by
construction

the model error covariance
and the grouping of the
observations

Gradient-based
methods

P not assembled,
approximated from Hessian-
vector products in a reduced
subspace

the approximation, the
preconditioner, the
iteration count and the
stopping rule

Markov Chain Monte
Carlo

posterior sampled directly,
covariance and non-
Gaussian features from
sample statistics

burn-in discarded,
treatment of
autocorrelation, and
effective sample size

Ensemble Kalman filters
and smoothers

P approximated by the
sample covariance of the

ensemble size,
localisation and inflation

analysis ensemble

In gradient-based methods the Hessian is never assembled, and the posterior
covariance is recovered only within the subspace explored by the optimisation.
Directions the iterations do not explore are not represented. Such estimates should
therefore be reported with the approximation, the preconditioning and the stopping
criterion stated, and checked for robustness against an alternative approximation.
Preconditioning with a square root factor of B (Chevallier et al., 2005; see Section 2.5.3.3)
improves the conditioning of the Hessian and reduces the number of iterations needed
both for the optimisation and for any subsequent uncertainty calculation (Nocedal and
Wright, 2006).

In sampling and ensemble methods the covariance is an empirical property of the
sample rather than a quantity derived from the cost function. In each ensemble
realisation, both the prior fluxes and the atmospheric observations are perturbed
according to their prescribed uncertainties (as specified by B and R, respectively). The
inversion is run for each perturbed member, producing an ensemble of posterior
solutions. This allows non-Gaussian uncertainty to be represented where the sampling
is adequate, but makes the estimate sensitive to the sample size: finite ensembles
introduce sampling noise and spurious correlations, so localisation and inflation are
commonly applied, and because these choices change the implied covariance they
must be documented (Section 9.8).

Adistinction has to be made between two uses of an ensemble of inversions started from
different prior fluxes. If the priors are random draws consistent with the prior error
covariance matrix, that is if their departures from an assumed truth sample N (0, B) while
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the assimilated observations are perturbed consistently with (0, R), then the spread of
the resulting posterior estimates is an estimate of the statistical posterior uncertainty
and is equivalent to the covariance given by equation (2.13). This Monte Carlo
construction (Chevallier et al., 2007b) is the standard estimate of posterior uncertainty
when the control vector is too large for the covariance to be computed explicitly, and it
has been applied at European scale by, among others, Kadygrov et al. (2015). If instead
the priors are in essence different products, such as alternative inventories or alternative
process based models, they are not draws from a specified distribution. Their spread
measures the sensitivity of the result to the choice of prior rather than its statistical
uncertainty, and it is treated in Section 8.5. The two are complementary and should not
be mixed into a single ensemble.

The distinction has a consequence that is useful for evaluation. If B is specified so as to
cover a plausible range of priors, posterior estimates obtained from any plausible prior
should fall within the posterior uncertainty derived from the reference inversion. Where
they do not, either B is too narrow to represent the structural uncertainty in the prior, or
one of the prior products is not consistent with the assumptions made in constructing B.
Section 9.5 uses this comparison as an interpretation rule.

8.4. Statistical diagnostics

In the set-up of inversions several design choices have to be made on a priori and data
uncertainties, for which limited information is available. Yet these choices are critical for
the posterior solution thatis obtained and the validity of the uncertainty that is computed
using the methods described in the previous section. In the Bayesian inversion
framework the posterior uncertainties are independent of the values of the a priori fluxes
and the values of the measurements that are used, which is, therefore, true also for the
errors in those values. Only if the assumed uncertainties reflect the statistics of these
errors can the posterior uncertainty reliably reflect the error statistics of the posterior
solution. To make sure that the assumed uncertainties reflect the statistics of the errors,
statistical tests are available that should be used to check the statistical consistency of
the inversion set-up.

The most common test to be used is the x?test, which tests if the cost function value
corresponds to the mean of the corresponding x? distribution, which the cost function
can be proven to obey (Section 2.6). If J(x) is larger than its expected value, R and/or B are
underestimated, so the posterior uncertainty is underestimated too (and conversely).
Because many assumptions are only approximations, the x2 test should be seen as a
consistency diagnostic, not a proof that the inversion is correct. The diagnostic should
not be interpreted as exactly 2J/k = 1; values of 2J around k are expected, with a spread
of approximately (2k)"?, so the reduced value 2J/k should be assessed relative to its
expected sampling variability, approximately (2/k)"2.

The logic of the x? test can also be applied to subsets of the cost function to diagnose
which subset of the data might not be fitted as expected from x? statistics. It is advised
to analyse fit residuals per measurement site. If the R matrix is assumed to be a diagonal
matrix then the fit residuals are expected to be randomly distributed. Deviations from this
assumption can point to problems in the inversion setup, or in the design of the R matrix.
The same logical applies to the residuals between a posteriori and a priori fluxes in
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relation to the B matrix. If the neglect of error-covariance in the R matrix is the cause of
statistical inconsistencies, which is computationally prohibitive to repair then error
inflation can be a solution (Chevallier, 2007a).

Additional guidance on the origin of deviations from the x2 test can be obtained following
the diagnostic tests proposed by Desroziers et al. (2005). These diagnhostic tests use the
residuals between data and prior, data and posterior, and posterior and prior - that are
readily available from inversion output - to separately verify and correct the R and B
matrix contributions to the x? test. Michalak et al. (2017) provides further information on
diagnostic testing of inversion output.

Afailed diagnostic is a reason to revise the set-up rather thanto add an uncertainty term.
The diagnostics reported for an inversion should be stated together with its results, and
they are the first evidence considered when the evaluation of Section 9 is carried out.

8.5. Systematic components

Posterior uncertainty derived from the assumed prior and observation error covariances
(B and R) quantifies the random component of uncertainty under the statistical
assumptions of the inversion. In practical atmospheric inversions, additional error
sources can introduce biases or correlated errors that are not adequately represented
by B and R and, therefore, are not captured by the posterior error covariance. These
systematic effects can arise from the prior flux estimates, from boundary conditions,
from transport and mixing, from the observation operator (e.g., sampling,
representativeness), and from biases in the observations themselves. A good practice is
to treat the assessment of systematic errors as a complementary step to the formal
posterior covariance calculation described in Section 8.1. The aim is to quantify how
sensitive reported flux aggregates (Section 8.6) are to variations in key modelling
elements and to communicate this sensitivity, using the same aggregated quantities that
will be used for emission reporting. When reported flux products are specified (e.g.,
national annual totals) a systematic error assessment can be performed for these
products. For each error source, the assessment can be based on a set of adequate
perturbations. The resulting changes in the reported aggregates can then yield
uncertainty ranges, separated by error category where possible.

8.5.1 Prior fluxes

Systematic errors related to the prior can be assessed by testing alternative available
prior flux products, alternative temporal flux profiles, and alternative spatial distributions
when these are known to be uncertain. This may include alternative inventories,
alternative sector partitioning, or alternative treatments of temporal aggregation. For
biospheric fluxes, this may include alternative process models or models run with
alternative parameter sets. Where the inversion optimises flux multiple components
simultaneously, systematic effects can also arise from imperfect separation of
components (for example, compensation between anthropogenic and biogenic terms).
Sensitivity tests can explore this partitioning and inform whether the flux totals are robust
to alternative prior partitions.
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8.5.2 Boundary and initial mixing ratios

A key systematic error source are the spatiotemporal time variability and biases in initial
(background) conditions and boundary conditions especially for regional inversions.
Particularly for long-lived gases where advected background and boundary mixing ratio
variations in space and time can be comparable to local flux signals, differences in the
input initial/boundary mixing ratios can be a major source of differences in the
observation-model mismatch and hence the posterior fluxes. Systematic errors in
boundary conditions can reflect biases or inadequate scaling in global model fields,
errors in stratosphere-troposphere exchange, or limitations of the resolution used in the
inversion. Sensitivity tests can quantify how robust flux estimates are to alternative
initial/boundary mixing ratio products. Good practice includes: i) testing alternative
boundary-condition products where available, ii) including boundary-condition
parameters in the control vector when feasible (so that boundary corrections are
estimated jointly with fluxes rather than imposed), and iii) evaluating boundary
conditions using independent observations that are sensitive to background (e.g.,
background sites, aircraft profiles, or remote marine observations). The impact of
boundary condition choices should be reported for the same aggregates used for
emission reporting.

To test the sensitivity to the boundary mixing ratios, it is useful to examine the results
using different values at the boundaries. The sensitivity distinguishes between standard
posterior uncertainty and the additional sensitivity range induced by boundary condition
alternatives. Boundary mixing ratio influences can be assessed using: i) differences in
posterior grids and country totals between boundary condition alternatives and ii)
differences in forward-model performance against independent observations when the
boundary conditions are varied.

8.5.3 Transport

Transport uncertainty is an important contributor to systematic inversion differences,
also for country/regional scale attribution. Sensitivity experiments and ensembles can
quantify how posterior country totals and their covariances change when meteorological
forcing is perturbed. This can be achieved through meteorological ensembles and
model-model comparisons. Transport and mixing errors can have a large influence in
atmospheric inversions. These errors affect both the model-observation mismatch and
the correlations, and they can cause biases and spurious variability in flux estimates if
not adequately represented in the R matrix.

The meteorological ensemble benchmarking reports the differences in posterior
grids/country totals that can be attributed to meteorological variability. For reporting
support, the resulting sensitivity range for national annual totals and for seasonal
differences can be relevant.

Two complementary strategies are recommended. The first is the use of ensembles of
meteorological drivers, for example by running the transport model with multiple wind
field realisations or analyses and quantifying the spread in the posterior fluxes. This
approach is valuable when the meteorological ensemble can represent uncertainty in
synoptic flow, boundary-layer mixing, and transport pathways. The second is model-
model comparison, in which inversions are repeated using different transport models or
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different configurations of the same model (e.g., resolution, boundary-layer
parameterisations, convection, sub-grid mixing).

8.5.4 Observations

Observation-related systematic errors can also be considered explicitly, especially when
inversions combine different measurement types (in situ, aircraft, satellite), span
heterogeneous sites, or combine measurements from different networks with different
calibration scales. Biases can arise from calibration offsets, retrieval biases, site
representativeness, or unresolved sub-grid variability. Good practice includes using
independent information where available and exploring sensitivity to observation
selection and filtering criteria. Where a persistent bias is suspected, one option is to
include explicit bias parameters (e.g., site offsets or retrieval bias corrections) in the
controlvector e.g. (Corazza et al., 2011). Differences between surface and satellite data
must be taken into account. The characterisation of these errors is described in Sections
7.1.4and 7.2.3; what matters here is their propagation into the flux uncertainty. However,
the risk of compensating errors remains, and the adopted strategy should be
documented together with diagnostics showing that the bias treatment improves
consistency with independent data.

8.5.5 System settings

A final group of systematic effects arises from the way the inversion problem is set-up
rather than from its inputs: the resolution/discretisation of the control vector, the
settings of the background (discretisation in space, transport time from sources), and
the inversion framework and transport model themselves (see Sections 2.4.1.1 and
2.4.1.2). These choices are not represented in B or R and are the hardest systematic
component to bound from within a single system, since a framework cannot readily
explore configurations it does not support; in practice they are approached through
comparison with other systems (Section 9.7), and where they cannot be quantified this
should be stated explicitly (Section 8.8).

8.6. From grid-cell uncertainty to regional and national uncertainty

Inversions yield fluxes and uncertainties on a grid, whereas emission reporting usually
requires totals for countries or regions over defined periods. The uncertainty of the
aggregate is not the sum of the grid cell uncertainties, because the errors of neighbouring
cells are correlated, and a good practice is to propagate the uncertainty explicitly rather
than to combine grid cell standard deviations.

Aggregation is expressed as a linear operator. Let w be the vector whose elements give
the contribution of each control variable to the aggregate, based on a country or region
mask: for a country total these are the fraction of each grid cell lying within the country
multiplied by the cell area, and zero elsewhere, with the corresponding weights for the
time steps included in the reporting period. The aggregated flux is then w'x, and where
the posterior error covariance matrix P is available the variance of the aggregate is

Olgg =W'PW (8.4)
which reduces to the sum of the elements of P weighted by the corresponding products

of weights. Units must be consistent between x and w: where x is a flux density, as
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inversions usually deliver it, the grid cell area and the length of the reporting period are
carried in w as described above; where x is instead the flux already integrated over the
cell and over the period, w reduces to the mask fractions alone. Either convention is
acceptable provided w'x has the units of the reported total. Off-diagonal terms are
essential. The uncertainty of an aggregate cannot exceed the sum of the grid cell
standard deviations, and equals it only if the errors are perfectly correlated. Where the
posterior errors of neighbouring cells are anti-correlated, asis common, it is smaller than
their combination in quadrature as well. This is why aggregated estimates are more
robust than gridded ones (see Section 10.5.2). The same construction gives the
covariance between two aggregates. If w, and w;, are the weight vectors of two regions,
the posterior error covariance of their totals is w, TP w,,, which reduces to (8.4) when the
two regions coincide. Collecting the weight vectors of all reporting regions as the
columns of a matrix W gives the full region-region covariance matrix in a single operation,

Py =W'PW (8.5)

a K x K matrix whose diagonal elements are the variances of (8.5) and whose off-diagonal
elements are the covariances between regions. The resulting country-country
covariance matrix, or the correlation matrix derived from it, is interpreted in Section 9.2.

Where an explicit P is not available, the aggregation is performed on each ensemble
member and the covariance of the aggregates is estimated from the resulting sample, as
in equation 10.9. This applies equally to a posterior ensemble of random draws
consistent with B and to a sensitivity ensemble of alternative configurations, but these
are different: the first estimates the statistical posterior uncertainty, the second a
systematic range (Sections 8.3 and 8.5).

Aggregation applies to every uncertainty component, not only to the statistical one. A
total uncertainty for a national figure (Section 8.7) requires each component of Section
8.5 to be propagated to the same aggregate with the same operator. Second, the
resolution of the control vector limits what can be aggregated meaningfully. For
countries whose extent is comparable to the grid cell or smaller, a substantial fraction of
the total comes from cells shared with neighbouring countries, and the information
constrainingthem is shared in the same way. The correction estimated for such a country
is therefore not separable from that of its neighbours, and both the total and its
uncertainty depend strongly on the mask convention adopted. The choice of mask,
including the treatment of fractional cells and of offshore areas, is discussed in Section
10.4.1 and should be reported with the results.

8.7. Total uncertainty

Users of inversion products, and in particular inventory compilers, generally need a
single uncertainty attached to a reported figure as well as the individual contributions.
Combining the components of Sections 8.3 and 8.5 into a total is, therefore, desirable
but it requires assumptions that should be stated rather than implied.

The pragmatic approach is to add the components in quadrature, i.e., to take the square
root of the sum of their squared standard uncertainties. This is adequate only when three
conditions are met: the components are expressed as comparable standard
uncertainties rather than as ranges or extreme cases, they refer to the same aggregate
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and period, and they can be treated as mutually independent. The first two depend on
the construction and are achieved by propagating every component to the reporting
scale with the same aggregation operator (Section 8.6). The third is an assumption, and
it is not always justified: the influence of the boundary conditions and that of transport,
for example, both act through the simulated mixing ratios and need not be independent.
Where components are known to be correlated, or where a component is a range over a
small number of discrete alternatives rather than a standard deviation, quadrature may
misrepresent the total and the components should be reported separately instead.

Whatever combination is adopted, the presentation should separate the formal posterior
uncertainty obtained for the reference configuration (Section 8.3) from the systematic
ranges assessed by category (prior, boundary conditions, transport, observations). If a
combined total is provided, the combination rule and its assumptions should be stated
explicitly.

8.8. Uncertainty reporting levels

Inversion systems differ in what they can afford to quantify, and a product that reports a
single uncertainty is not necessarily better characterised than one that reports several
components. To make the degree of characterisation explicit, and comparable between
products, it is useful to state the level at which the uncertainty of a product has been
reported. The levels below are cumulative: each includes what the previous one requires.
They describe the completeness of the uncertainty characterisation, not the quality of
the inversion, and they are not related to the tiers of the IPCC inventory guidelines.

e Level 0: central estimate only. Fluxes are reported without a quantified
uncertainty. This is acceptable only for preliminary or exploratory results, it must
be labelled as such, and it does not support quantitative statements about
agreement or disagreement with an inventory.

e Level 1: statistical posterior uncertainty. The posterior uncertainty implied by B
and R is reported for the declared products at the reporting scale (Section 8.3),
propagated with a stated aggregation method (Section 8.6). The method used to
obtain it, whether a posterior covariance matrix or an ensemble, and its
assumptions are stated. The consistency diagnostics of Section 8.4 are reported
with it.

e Level 2: quantified systematic components. In addition to Level 1, the sensitivity
of the reported products to the main input choices is quantified separately and at
the same aggregate: prior fluxes, boundary and background mixing ratios,
transport and meteorology, and observation selection and filtering (Section 8.5).
Each component is reported individually, with the alternatives that were tested.

e Level 3: combined total uncertainty. In addition to Level 2, a total uncertainty is
reported for the declared products, with the combination rule and its
assumptions stated (Section 8.7), together with an assessment (quantitative
where possible, otherwise qualitative but explicit) of the components that remain
hard to quantify, such as structural differences between inversion systems, non-
Gaussian and nonlinear effects, and sectoral attribution.
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Three rules should apply across the levels. First, constraint diagnostics (uncertainty
reduction, degrees of freedom for signal, and averaging kernels where they can be
computed) are not an uncertainty component but describe how strongly the result is
constrained; they should be reported from Level 1 upwards and are used for
interpretation in Section 9.2. Second, evidence from independent observations is
evaluation evidence rather than uncertainty quantification and belongs to Section 9.4 (it
does not by itself raise the level). Third, a product whose reported uncertainty cannot be
reproduced from the accompanying documentation (the aggregation method, the
masks, the ensemble definition and the versions of the inputs - Section 9.8) should be
reported one level lower than the components alone would suggest.

9. Evaluation and benchmarking of inversion results

Ignacio Pisso and Sander Houweling

9.1. Purpose, evaluation strategy and definitions

Section 8 describes how uncertainty and sensitivity products are obtained. This section
explains how to use them, together with atmospheric observations and results from
other systems, to judge whether an inversion result can be trusted, at which spatial and
temporal scales, and for which periods. The question it addresses is not whether the
inversion is correct, which cannot be established directly, but whether the evidence
available supports the use of a given product for a given purpose.

Three assessment types are distinguished here: i) Evaluation is the general assessment
of whether a result is trustworthy and usable and covers everything in this section. ii)
Benchmarking is used in the narrow sense of comparing a result against an agreed
reference set, in practice an archive of results from other inversion systems (Section 9.7).
Since no true flux field exists, such a comparison establishes whether a result lies within
the range obtained by others, not whether it is right. iii) Sensitivity studies are the
experiments described in Section 8.2 and 8.5, which quantify the dependence of the
result on the choices made in the set-up. This section interprets their outcomes (Section
9.5) but does not describe how they are produced. Throughout, the reference inversion
has the meaning defined in Section 8.1.

9.2. Assessing the degree of dependence from the prior: uncertainty
reduction, DoFS, averaging kernels, covariance between regions

For emission reporting support, it is relevant to what extent posterior flux estimates are
constrained by atmospheric observations or, in other words, to what extent they rely on
the prior assumptions. Evaluation should, therefore, quantify the degree of dependence
on the prior for both gridded fluxes and regional aggregations such as countries. In the
linear Gaussian framework this dependence is described by the uncertainty reduction
and by degrees of freedom for signal (DoFS), which are obtained as set out in Section 8.3,
and by the averaging kernel matrix defined in Section 2 (equations 2.16 and 2.17).

The reference inversion (Section 8.1) is described by reporting the posterior uncertainty
reduction relative to the prior and the DoFS, which together indicate the strength of the
constraint provided by the observation network, at both grid and country scale.) The
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variables and metadata that should accompany these products are listed in Section 9.8,
and the reporting level they correspond to is defined in Section 8.8.

Where the posterior uncertainty is estimated from an ensemble of inversions started
from priors drawn consistently with B, its spread is an estimate of the statistical posterior
uncertainty rather than a sensitivity to the choice of prior. The distinction is set out in
Section 8.3 and its consequences for interpretation in Section 9.5. Sensitivity to
alternative plausible priors is quantified as described in Section 8.5 and interpreted as
described in Section 9.5.

As an example of gridded estimates of uncertainty reduction, Figure 9.1 shows a
European domain for N,O, provided for a reference inversion for a selected year (a single
year was selected owing to the computational cost of calculating the posterior
uncertainty). These results were obtained using a Monte Carlo method with 50 ensemble
members, see Section 8.3.

70°N

90
65°N [

75
60°N

60
55°N =

X

45 pos
50°N >

30
45°N

15
40°N

0
35°N

10°W 0° 10°E 20°E 30°E

Figure 9.1: Uncertainty reduction for annual mean N20 fluxes with a 50-member ensemble.

Estimates of uncertainty reduction on annual (or other time period) totals can also be
provided aggregated by country. Figure 9.2 shows uncertainty reduction in CO, (NEE)
fluxes for different countries in Western and Central Europe quantified using a Monte
Carlo experiment with 10 ensemble members for a selected year. In this case, the
uncertainties associated to the national and annual CO, NEE fluxes are strongly reduced
by the surface-based inversions.
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Figure 9.2: Uncertainty reduction in CO2(NEE) fluxes for different countries in Western and Central Europe quantified
using a Monte Carlo experiment with 10 ensemble members
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Results aggregated in space can be visualised also at higher temporal resolution than
these annual examples, which may be important depending on the application of the
results. This allows the assessment of the uncertainty of the fluxes at, for example
seasonal or monthly time scales (Fig. 9.3).
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Figure 9.3: Ensemble plot for CO:z (NEE) annual cycle in the European domain. The ensemble calculations yield
estimates of the statistical posterior uncertainty of the inversion.

The dependence on the prior fluxes can be examined directly where plausible alternative
priors are available. Figure 9.4 shows a comparison between a reference inversion based
on GAINS fluxes and CAMS background and inversions based on alternative fluxes from
the LPJ-GUESS and ORCHIDEE process-based models. Following Section 8.5, the
differences between the posteriors obtained with alternative priors and the reference
posterior should be compared against the posterior uncertainty of the reference
inversion: differences falling within it indicate that the choice of prior is not a first-order
concern for the aggregate concerned, whereas larger differences indicate either a
systematic contribution to be reported under Section 8.5 or a prior error covariance too
narrow to span the plausible priors.

97

This project has received funding from the European Union’s Horizon Europe
research and innovation programme under grant agreement No 101081395




Prior emissions - GAINS
Il Total_emission: 1.209 Tg/yr

Prior emissions - LPJGUESS

Prior emissions - ORCHIDEE
= I Total_emission: 2.101 Tg/yr

Il Total_emission: 2.318 Tg/yr

O = w & o N ©
S »o oo

0.0

N:0 emissions (1e8 kg Nm-? h-%)

|

-

n
0

| »
- )
n

N:0 emissions (1e8 kg Nm-? h-%)

w
o
NzO emissions (1e8 kg Nm~? h-¥)

|
. e
o

|

ok

=)

|
w
°

BN o2
0w o 10°E

£ ~
10w 10°E 20°€ 30°E

3N
10°W 3 10°€ 20°€

20°€ 30°E

Posterior emissions - GAINS&CAMS Posterior emissions - ORCHIDEE&CAMS Posterior emissions - LPJGUESS&CAMS
N

» O N ©
w o un o

! g
w

N20 emissions (1e8 kg Nm~? h-%)
)
°

N20 emissions (1e8 kg Nm~* h™*)
N2O emissions (1e8 kg Nm~* h-*)

|
-
]
U
{
%]
0

| O w
~ © u o
%]
0

|
W
°

\/-3.0

Figure 9.4: Prior and posterior N2O fluxes for a comparison between a reference inversion using prior fluxes based on
the GAINS model, versus using prior fluxes from the LPJGUESS and ORCHIDEE models.

For emission reporting support, the covariance structure between countries (or regions)
can indicate whether the inversions compensate flux estimates between neighbouring
countries (or regions). It is recommended that country-scale cross-correlations are
reported alongside country totals. Section 10.5.2 discusses how covariance and
averaging kernels are applied in the inventory comparison.

9.3. Deciding where and when results can be used

The diagnostics of Section 9.2 are descriptive but also inform on which parts of an
inversion result should be used. Where the uncertainty reduction is small and the
degrees of freedom for signal are low, the posterior remains close to the prior, and the
estimate carries little independent information from the atmospheric observations.
Reporting such a value as a top-down estimate, or comparing it with an inventory, can be
misleading, particularly where the prior is itself derived from that inventory: the apparent
agreement may be a property of the set-up rather than an observation constrained result.

A good practice is, therefore, to define an explicit criterion for the regions, scales and
periods that are considered sufficiently constrained, and to justify this criterion, and to
report it with the products. No universal threshold can be recommended, because the
appropriate criterion depends on the gas, the density and type of the observation
network, the resolution of the control vector and the intended use. A criterion adequate
foridentifying a long-term trend may not be adequate for an annual product. The criterion
should be explicit rather than implicit, and that products which do not meet it should be
excluded or flagged.

The same applies in time: observation networks change and the constraint on a given
region may differ substantially between the beginning and the end of a long inversion. In
such a case, periods of weaker constraint may be constrained more strongly by the prior
estimate and thus lead to spurious results when regarding the trend over the full period
of an inversion. Where the constraint varies over the period analysed, this should be
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shown, for instance by reporting the uncertainty reduction as a time series alongside the
fluxes, and taken into account when trends are compared with inventories.

Products that pass these checks can be compared with national inventories, for which
the aggregation conventions, sectoral definitions and managed land considerations of
Section 10.5 apply. The reporting level of Section 8.8 should be stated for each product
carried forward.

9.4. Evaluation with independent observations

Comparison with atmospheric observations is of great importance for the evaluation of
inversion results, but the observations used should be different from those used in the
inversions in order to properly assess the performance of the posterior fluxes when
projected with the transport operator into the observation space. Ideally independent
observations should sample areas with different characteristics such as e.g. clean
air/background versus airmasses more strongly influenced by fluxes. This allows to
assess whether posterior simulations improve agreement relative to simulations based
on the prior at these selected sites.

In addition, it informs on whether evaluation statistics such as bias, RMSE, correlation,
seasonal cycle, amplitude and phase, and vertical gradient are sensitive to other
elements in the inversion system such as the boundary mixing ratios, which can signal
the relative importance of the background versus surface flux estimates. Vertical profile
data (from e.g. aircraft and AirCore) can constrain the vertical structure absent in surface
sites.

When comparing different results independent observation metrics can be used to
select ensemble members, and system performance varies by region and by quantity
(mean, trend, inter-annualvariability), so a system good for one is not automatically good
for another (van der Woude et al. 2026). There is a trade-off of observations to include for
inversion and exclude for evaluation. For evaluation, it is recommended to use sites that
have only short-time series and, if available, dedicated campaign data, and include sites
with long records in the inversion.

As an example for N,O, 14 sites were withheld from the reference inversion and used for
independent evaluation, for two alternative boundary mixing ratios (CAMS and FPCTM)
(see Fig. 9.5). The comparison between the upper and lower panels is the test such an
evaluation has to pass: the fit of the posterior mixing ratios to the withheld observations
must not be worse than the fit of the prior mixing ratios. In the example, the posterior
mixing ratios provide better agreement but the difference is modest. Over 4518 daily
station means the mean bias falls from -0.26 to -0.15 ppb and the RMSE from 0.54 to
0.50 ppb, with lower RMSE at most individual sites, while the correlation of daily variation
is unchanged at 0.79, thus the inversion corrects the mean level of the simulated mixing
ratios rather than their day-to-day variability. The choice of boundary mixing ratios has
the larger effect: RMSE is lower with CAMS than with FPCTM at every site, in both prior
and posterior, by more than the prior-to-posterior improvement.

Evaluation against flux measurements is generally not useful owing to scale mismatch
(while eddy covariance samples ~1 km?, inversions resolve ~10-100 km), but the
comparison is occasionally still informative.
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Independent validation of prior-fluxes at addiitonal stations
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Figure 9.5: Independent evaluation of N,O at 14 sites withheld from the reference inversion, with prior (upper) and
posterior (lower) fluxes projected into observation space. In each panel: (a) daily mean simulated against observed
mixing ratios for the CAMS boundary condition; (b) RMSE, (c) bias and (d) correlation of daily variation, per site, for the
CAMS and FPCTM boundary mixing ratios. Statistics are over 4518 daily station means.
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9.5. Interpreting sensitivity and ensemble results

Sensitivity experiments and ensembles produced as described in Section 8 yield a
spread of posterior estimates. This section sets out how that spread should be read.
Three kinds of ensembles occur in these guidelines and should be named explicitly
whenever results are reported, because they support different conclusions. A posterior
ensemble consists of inversions started from priors drawn at random consistently with
B, with the observations perturbed consistently with R. Its spread estimates the
statistical posterior uncertainty (Section 8.3). A sensitivity ensemble consists of
inversions in which one element of the configuration is replaced by a plausible
alternative, such as a different prior product, a different boundary condition or a different
meteorologicaldriver. Its spread is a systematic range (Section 8.5). An inter-comparison
ensemble collects results from different inversion systems and is discussed in Section
9.7.

The basic rule for interpreting a sensitivity experiment is to compare the difference it
produces against the posterior uncertainty of the reference inversion, at the same
aggregate and for the same period. Where the difference between the alternative and the
reference posterior is smaller than the posterior uncertainty, the configuration choice is
not a first order concern for that reported quantity, although it may still matter at finer
scales. Where it is comparable to or larger than the posterior uncertainty, one of two
conclusions follows: either the element varied is a genuine systematic contribution,
which should be quantified and reported under Section 8.5 and included in the total of
Section 8.7, or the prior error covariance is too narrow to represent the structural
uncertainty in that element (Section 8.3). Distinguishing between the two requires
evidence from outside the inversion, in practice the diagnostic checks of Section 8.4 or
comparison with independent observations (Section 9.4).

Differences should be reported both in absolute units and relative to the posterior flux
and to the posterior uncertainty. The absolute field shows where the largest changes
occur, which is generally where the fluxes themselves are largest. The relative field
shows where the result is most sensitive to the choice being tested, which is the more
informative quantity when deciding whether a given aggregate can be reported. Both
should be shown for the reported aggregates as well as on the grid.

A sensitivity experiment answers a narrower question than it may appear to. It quantifies
the dependence of the result on the alternatives actually tested, and the range obtained
is bounded by the plausibility and the number of those alternatives. Testing two boundary
condition products does not bound the uncertainty arising from boundary conditions in
general. Where only a small number of alternatives is available, the result is better
presented as the difference between named configurations than as an uncertainty range.

As example of sensitivity tests using boundary mixing ratios alternative to the reference
inversions, Figure 9.6 shows the impact on the seasonal cycle of using FLEXPART-LCM
instead of the CAMS global greenhouse gas inversion product v22r1. The figure contains
also curves for CAMS-REG results instead of EDGARvS fluxes for comparison. The three
alternative inversions constrained with in-situ measurements show differences in the
seasonal pattern that are closer together than with respect to the prior. This suggests
that the influence of the alternative settings can be detected.
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9.6. Plausibility checks

A result can be statistically consistent, well constrained and in reasonable agreement
with independent observations, and still be physically implausible. Inversions are
constrained by atmospheric mixing ratios and by the prior, but not by process
understanding, thus an error in the transport, the boundary conditions or the observation
treatment can be absorbed into fluxes that are inconsistent with process understanding
(e.g. too large, too small or incorrectly distributed). Published top-down estimates have
prompted further investigation on these grounds, for instance where an inferred regional
land carbon sink was larger than independent process based and inventory evidence
could support (Wang et al., 2020; Wang et al., 2022).

CO2 EU-27+3
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—— CIF-CHIMERE surface posterior - with CAMSREG %___’\-
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Figure 9.6: Total NEE flux for CO2 monthly inversions in the European domain for 2019. The common prior is
ORCHIDEE-CRUERA-V5. The reference inversion based on EDGARvVS8 is compared to alternative inversions based on
CAMS-REG (alternative inventory fluxes) and FLEXPART-LCM (alternative background concentrations).

Figure 9.7 shows the transport uncertainty assessment for N,O from an ensemble of 5
inversions where each member was run with transport driven by a different member of
the IFS meteorological ensemble.
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Figure 9.7: Posterior standard deviation on an ensemble of 5 N20 inversions based on different IFS-ELDA
meteorologicalfields. The rest of the parameters are as in the EYE-CLIMA reference inversion for N20.
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Itis good practice to compare posterior fluxes, at the scales reported, against the ranges
that process knowledge and independent bottom-up evidence make plausible for the
gas and region concerned using the gas specific guidance in Sections 3 to 5. Where a
result falls outside those ranges, it should not be reported as a top-down estimate until
the discrepancy has been investigated. Useful first steps are to check the consistency
diagnostics of Section 8.4 for the sites and periods that drive the anomaly, to examine
whether the feature persists under alternative boundary conditions and transport
(Section 9.5), and to verify the corresponding simulated mixing ratios against
independent observations (Section 9.4). An implausible result that survives these checks
is a finding worth reporting. One that does not can be an artefact, and reporting it could
damage confidence in the method.

9.7. Benchmarking against archived inversion output

The difficulty with inversions is that there is no true set of fluxes to evaluate against.
Therefore, any performance assessment is necessarily indirect. In the absence of a
“truth” it can be useful to check if the performance of an inversion is within the expected
range of inversions that were performed by other researchers previously. Model inter-
comparison archives are a useful resource to see how a new inversion estimate
compares with the range of results in the inter-comparison.

This is complementary to other evaluations outlined in this chapter, but should not
replace them. Note, however, that, the range of fluxes from an inter-comparison
ensemble does not necessarily reflect the true uncertainty distribution and the ensemble
mean is not necessarily closer to the truth. Inter-comparison spread mixes
methodological differences with prior differences (if the priors are different) and is not an
uncertainty. Nevertheless, an outlying result might point to implementation issues
especially if different members start from the same prior. Assessing whether an apparent
outlier is genuinely anomalous requires knowing which priors were used and what
posterior uncertainties the individual systems report. Model-model differences being
larger than the statistical uncertainties in practice cannot be assumed to hold generally.

A more informative comparison than flux against flux is one made in observation space.
The mixing ratios simulated from each system's posterior fluxes are compared against
the same set of observations, using the metrics defined in Section 9.4, so that systems
are judged on how well their posterior fluxes reproduce the atmosphere rather than on
how close their fluxes are to one another. Comparison with an ensemble also supports
the selection of results. Not all systems perform equally well in every region, and
performance can differ between the mean flux, the trend and the inter-annual variability,
so the ensemble mean can be biased at regional scale (van der Woude et al., 2026).
Where the observational coverage allows it, sub-selecting the ensemble members that
agree with independent observations within a threshold can give a better regional
estimate than the full ensemble mean.

If chosen inter-comparison study does not provide inversion output for the same domain,
period or measurement dataset as the inversion under evaluation, it is advised to run a
new inversion experiment for a setup that can be compared. Archiving and publishing
own inversion results is strongly recommended to develop a growing archive that other
developers can use and build on. Doing so supports the inversion community and
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progress towards more reliable inversion results. Table 9.1 lists existing inversion
archives that can be used for benchmarking.

For archiving future inversion output it is recommended to save the output following the
Common Output Format (COF). The COF is a standard format based on the NetCDF file
format and following the Climate and Forecast (CF) Metadata convention. This format
has been already adopted by numerous European Commission funded projects.

The COF is used as a standard input format by the open-source post-processing analysis
and intercomparison tool FLUXIE (FLUX Intercomparison Environment). FLUXIE is a set
of Python scripts running in a Jupyter notebook that facilitates consistent post-
processing of inversion output and enables easy and direct comparison of results against
other output from inversion systems using the COF. FLUXIE also includes scripts for
visualisation producing map and time-series plots of individual inversions as well as
ensembles of inversions. (See: https://github.com/openghg/fluxie)

Table 9.1: Archives of inverse modelling output

Archive Target | Application | URL

gas
CAMS CO,, Sub- https://ads.atmosphere.copernicus.eu/datasets/cams-
reanalysis | CH., continental global-greenhouse-gas-inversion?tab=overview
N-O trends and
interannual
variability
CAMS CH, Facility scale | https://atmosphere.copernicus.eu/ghg-
facility methane services/cams-methane-hotspot-explorer
scale emissions
from
satellites
GCP CO,, Sub- https://www.globalcarbonproject.org/reccap/index.htm

RECAPP2 | CH,, continental
N.O trends and

interannual
variability
ICOS-CP CO,, National For CO,: https://www.icos-cp.eu/data-products/G068-
CH., scale 1709
emissions
for Europe For CH,: https://meta.icos-
cp.eu/collections/eqtmTg6COhmsz2YAA_yDugQy
9.8. Reporting requirements and lessons learned

The evaluation described in this section can only be carried out by a user of inversion
output if that output is complete, traceable and consistently described. Experience from
harmonising inversion products across systems shows that the obstacles are rarely
conceptual: they are missing uncertainty fields, undocumented aggregation, ambiguous
sign conventions and unversioned inputs, each of which prevents a user from
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https://ads.atmosphere.copernicus.eu/datasets/cams-global-greenhouse-gas-inversion?tab=overview
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https://www.globalcarbonproject.org/reccap/index.htm
https://www.icos-cp.eu/data-products/G068-1T09
https://meta.icos-cp.eu/collections/eqtmTg6COhmsz2YAA_yDuqQy

reproducing a country total or from knowing what an uncertainty refers to. Reporting
requirements are, therefore, part of good practice rather than file format housekeeping.
The following should accompany published inversion results:

e Prior and posterior fluxes, their uncertainties, and the simulated mixing ratios
corresponding to both, under consistent variable names.

e Explicit units and sign convention, stating whether positive values denote
emission to the atmosphere.

e Time bounds for every field, and the aggregation period to which reported totals
refer.

e The country or region masks used, including the treatment of fractional cells and
offshore areas, and the aggregation method, in sufficient detail for a user to
reproduce the reported totals (Sections 8.6 and 10.5.1).

e The treatment of missing values, distinguished from zero flux.

e Versions and provenance of the prior fluxes, boundary conditions, transport and
meteorological driver, and observation dataset, including the observation
selection and filtering applied.

e Forensembles, the number of members, what was perturbed, and whether the
ensemble is a posterior ensemble, a sensitivity ensemble or an intercomparison
ensemble (Section 9.5).

e For every reported uncertainty, what it represents (statistical posterior
uncertainty, a systematic range, or a combined total) and the reporting level of
Section 8.8.

e The consistency and constraint diagnostics obtained (Sections 8.4 and 9.2).

Using a standard output format makes these requirements easier to meet consistently
and enables direct comparison with other systems. Standards such as the Common
Output Format described in Section 9.7 are recommended for this purpose. The general
principle is that a user should be able to reproduce the reported totals and their
uncertainties from the published output and its documentation alone, and should not
have to infer what an uncertainty field represents.

10. Comparisons to NGHGIs

10.1. Introduction to inventories
Margreet van Zanten and Hannes Witt

This introduction provides some basic background on National Greenhouse Gas
Inventories (NGHGIs) to help in interpreting differences between these and atmospheric
inversion-based estimates. Here, general information is provided about the NGHGI
system; for specific information on emissions from a certain country, it is recommended
to check the National Inventory Documents of that country. Getting in contact with the
compilers of such reports is recommended to make full use of the available knowledge,
as this can greatly enhance the reconciliation. Involving inventory compilers early in the
research process has been proven fruitful, as they often have specific user requirements
that can be best taken into consideration already during the research design.
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The main goal of NGHGIs is to produce robust, continuous and complete monitoring of
anthropogenic emissions, rather than describing every physical detail of real world
emission. This has led to some methodological choices in the IPCC guidelines for
national greenhouse gas inventories (Publications - IPCC-TFI”), which need to be taken
into account when evaluating inventory data. These will be discussed here in general,
and in the sections below for specific gases and sectors.

For monitoring purposes, comparability of inventories is key. For that reason, inventory
compilers are required to follow the instructions in the IPCC guidelines for NGHGIs and
are subject to international reviews. These requirements aim to ensure that estimates of
emissions and removals, even if uncertain, are genuine and unbiased, and that
uncertainties are reduced as much as practicable given national circumstances.

Comparability is further ensured by the use of a few key concepts:

e Inventories deal with anthropogenic emissions and removals. The distinction
between natural and anthropogenic emissions is based on the data used to
quantify human activity. In the AFOLU sector, emissions and removals on
managed land are used as a proxy for anthropogenic emissions and removals,
and significant year-to-year variations in natural background emissions and
removals are assumed to average out over time.

e Inventories include emissions that take place within their national territory and
offshore areas over which the country has jurisdiction. Be sure to check whether
this corresponds to exactly the same area in the inversion allocated to this
country.

e Inventories should be complete; all anthropogenic emissions have to be reported.
Missing sources should be documented, together with a justification for their
exclusion.

Furthermore, consistency is an important concept. In an inventory, estimates for
different years, gases and sources are made so that real changes in emissions are
reflected in the data. As far as possible, annual trends should be derived using the same
methods and data sources for all years and should aim to reflect true changes in the
emissions rather than changes in the methodology.

The most common simple methodological approach is to combine information on the
extent to which a human activity takes place (called activity data, or AD) with coefficients
that quantify the emissions or removals per unit activity. These are called emission
factors (EF). The basic equation is:

Emissions = AD x EF

Besides this, some mass-balance methods are also used, for example the stock-change
methods applied in the AFOLU sector®.

The basic equation can be used with various levels of complexity, usually called tiers.
Tier 1 relates to generic, default EF combined with AD applicable to the specific country.

7 https://www.ipcc-nggip.iges.or.jp/public/2006gl/pdf/1_Volume1/V1_1_Ch1_Introduction.pdf
8 https://www.ipcc-nggip.iges.or.jp/public/2006gl/pdf/4_Volume4/V4_01_Ch1_Introduction.pdf
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In Tier 2, country-specific information is used to determine the EF, in addition to
country-specific AD. Tier 3 requires the use of complex models or facility specific
information to determine the emissions for a group of sources in a consistent way, e.g.
for all emissions of the agricultural sector. Tier 1 methods in the guidelines are designed
to use readily available national or international statistics and, therefore, should be
feasible for all countries. In general, the higher tiers should result in more accurate
emission estimates.

Besides reporting emissions, inventories are required to carry out a detailed uncertainty
analysis, preferably using both error-propagation and Monte Carlo analysis. Details
about the uncertainty analysis can be found in Volume 1, Chapter 3 of the IPCC
guidelines and the respective National Inventory Documents. The uncertainty at the
emission-source level hasto be taken into accountin arequired key source analysis. The
concept of key categories is used to identify those emissions that have a significant
influence on a country’s total inventory of greenhouse gases, in terms of the absolute
level of emissions and removals, the trend therein, or its uncertainty. When an emission
source is identified as a key source, a Tier 2 or Tier 3 method has to be used. Key source
analyses can be a valuable source of information when comparing inversions with
inventory data to identify emission sources with high uncertainties or high impact in the
inventory.

10.2. CO: LULUCF

Philippe Ciais, Gregoire Broquet and Rona Thompson

Atmospheric inversions of CO; traditionally target net land-biosphere fluxes, which are
considerably more uncertain than the CO, emissions from fossil carbon sources, namely
fossil fuels and cement (see Section 3). Following the focus of Section 3, this section
discusses the comparison and reconciliation of inversion estimates of net land-
biosphere CO, fluxes with land-use land-use-change and forestry (LULUCF) reported
emissions.

Avariety of atmospheric inversion frameworks, both global and regional, have been used
in previous carbon budget assessments, e.g. Global CO, Budget (Friedlingstein et al.,
2025) and in comparisons with nationally reported LULUCF CO; emissions and removals
(e.g. Byrne et al., 2023; Deng et al., 2022, 2025; McGrath et al., 2023) . Some inversion
systems now provide low latency results used for fast-track updates of the Global CO,
Budget based on OCO-2 satellite data (Ke et al., 2024) .

Traditionally, global and regional inversions targeting CO, land-biosphere fluxes, such as
those contributing to the Global CO, Budget and national assessments (see references
above), ignhore the lateral fluxes associated with harvest products and transport through
rivers to lakes and seas. Thus, the NEE defined in these inversions actually corresponds
to the NBP following the definitions provided in Section 3 (specifically, they aggregate to
the NEE all land fluxes other than fossil emissions). The NEE (or NBP) flux estimates from
“traditional” inversions need to be post-processed to account for the lateral transfer of
carbon and for the CO, emissions arising from this transfer or from the resulting products
to be able to compare with NGHGIs. This post-processingis discussed in Section 10.2.3.
The EYE-CLIMA project has proposed an alternative approach to the “traditional”
inversions, by explicitly using estimates for the CO, emissions arising from lateral fluxes
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as prior information in the inversions (see Section 3) and the post-processing of these
inversions for comparison with NGHGIs is discussed in Section 10.2.4.

10.2.1. Assumptions on fossil fuel emissions

Most often inversions provide NEE (or NBP) fluxes as output. However, if only the total
CO: flux (including fossil emissions) is provided then an estimate of the fossil CO;
emissions® needs to be subtracted from the total to the obtain land-biosphere fluxes,
assuming that the fossil emissions are well-known.

In general, uncertainties of fossil fuel CO, emissions for most countries are low (few
percent), as emission factors follow directly from the carbon content of fuels.

If comparing multiple inversions that have used different fossil CO, emission estimates,
then a more comparable estimate for the land-biosphere flux is often obtained by
calculating the total emissions from each system and then subtracting a common fossil
CO, emission estimate based on the assumption that the NEE (or NBP) estimated by
each inversion will at least partially compensate for differences in the fossil emissions
used in the inversion (Peylin et al., 2013) . However, it should be noted that since the
differences in fossil emissions are not completely compensated for, this can still result
in differences in NEE (or NBP) between inversions (Thompson et al., 2016).

10.2.2. Sampling for managed land

As defined inthe IPCC Guidelines for NGHGIs (Paustian et al., 2006) , only CO, emissions
and removals from managed land are reported in NGHGIs as a proxy for human-induced
effects. It should be noted though, that this includes direct effects, such as forest
management, and indirect effects, such as CO, fertilization and nitrogen deposition, as
well as natural effects owing to e.g. climate variability. Inversions retrieve all CO, fluxes
over all land types. Thus, for comparing inversion fluxes with NGHGIs, only the
inversion’s CO, flux (F{¥ VEE) over managed lands (ML) grid cells should be used (ML is
defined here as all land except intact forests) because the fluxes over unmanaged land
are not counted by NGHGIs. CO, fluxes over unmanaged land should be excluded from
the land-biosphere CO; flux totals that will be compared with NGHGIs and can be
calculated as proportional to the fraction of unmanaged land in each inversion grid cell.
For some countries all land is considered to be managed land; this is the case for most
European countries and for many developed countries.

New maps of non-intact forests have been compiled by Grassi et al. (Grassi et al.,
2023) that can be used for this purpose (Figure 10.1). These maps include country official
managed forest and other managed land areas for Canada and Brazil (as used for their
NGHGIs) and the intact forest map of Potapov et al. (2017) as a substitute for
unmanaged land where country-based information is not available. This approach
assumes that non-intact forest areas can serve as a reasonably good proxy for managed
forestsreported in the NGHGIs (Grassietal., 2021, 2023) . Itis important to note that this
approach is somewhat arbitrary, as highlighted in previous studies (Chevallier, 2021;
Grassi et al., 2021; Ogle et al., 2018) . However, in the absence of a machine-readable

9 Spatially (and temporally) resolved fossil fuel emission estimates are available from a number of
datasets including GridFEDv2022 (Jones et al., 2022), and EDGAR (Crippa et al., 2000).
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definition of managed plots in many NGHGils, there is currently no better alternative
available.

10.2.3. Adjusting CO: fluxes from “traditional” inversions for
lateral C transport by crop and wood products trade and rivers

In addition to the extraction of managed land CO, flux, there are CO, fluxes from
“traditional” inversions that are part of FJ% NEE but are not counted by NGHGIs. These
fluxes are induced by: i) soil to river to ocean carbon export (Fi7¢"S) which has an

anthropogenic and a natural component (Regnier et al., 2013), and ii) net anthropogenic

import/export of crop and wood products across country boundaries (FSoP %€ and

FWwoodtradey |t can be assumed that NGHGIs include CO, losses from fire (wildfire and
prescribed fire) and other disturbances (wind, pests) and from domestic harvesting, as
recommended by the IPCC reporting guidelines (Buendia et al., 2019; Paustian et al.,
2006), although some countries, such as Canada and Australia exclude some emissions
from these disturbances, and the subsequent removals from the same areas (Grassi et

al., 2023). The adjusted inversion NEE that can be compared with inventories, Féﬁ’]’- NEE
is given by:

inv NEE __ rinv NEE i crop trade d trad i
Faa; =% = Fyp "°% = Fyl®"™ — Fapy — Fang”® 1% o Fany (10.1)

where the sign © means “comparable to”, FX, is the anthropogenic CO, flux from
NGHGls, F/¥e"s is the sum of the natural and anthropogenic CO, flux on land from CO
fixation by plants that is leached as carbon via soils and channelled to inland waters to
be exported to the ocean or to another country. All countries export river carbon, but
some countries also receive river inputs, e.g., Romania receives carbon from Serbia via
the Danube River.

-Intact forest

Non intact forest

Figure 10.1. Map of managed and unmanaged forests. (Figure courtesy of (Grassi et al., 2023) ).

Ciais et al. (2022) provide estimates for the lateral carbon export by rivers minus the
imports from rivers entering each country, including dissolved organic carbon,
particulate organic carbon and dissolved inorganic carbon of atmospheric origin
distinguished from lithogenic carbon. In a country that only exports river carbon to the
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ocean, the amount of carbon exported is equivalent to an atmospheric CO; sink, denoted
as F1;7°™ as in (10.1), ignoring burial, which is a small term. Over a country that receives
carbon from rivers flowing into its territory, a small national CO, outgassing is produced
by a fraction of this imported flux. In that case, we assumed that the fraction of outgassed
to incoming river carbon is equal to the fraction of outgassed to soil-leached carbon in
the RECCAP2 region to which a country belongs, estimated with data from Ciais et al.,
(2022).

ECToP frede is the sum of CO, sinks and sources induced by the trade of crop products.

This flux is provided by Ciais et al., (2022) and is estimated from the annual trade balance
of crop commodities calculated for each country from data from the United Nations
Statistics Division of the Food and Agriculture Organization (FAOSTAT) combined with
the carbon content values of each commodity (Xu et al., 2021). All the traded carbon in
crop commodities is assumed to be oxidized as CO; in one year, neglecting stock
changes of products, and the fraction of carbon from crop products going to waste pools
and sewage waters after consumption, thus not necessarily oxidized to atmospheric
CO..

FWwoodtrade js the sum of CO, sinks and sources induced by the trade of wood products
(Zscheischler et al., 2017) . Ciais et al. (2022) provide an estimate of this flux based on a
bookkeeping model to calculate the fraction of domestically produced and imported
carbon in wood products that are oxidized in each country during subsequent years, with
product lifetimes defined by Mason Earles et al. (2012). The underlying assumption in
estimating CO, fluxes from wood harvest is that the emissions from domestically
harvested wood, in addition to imported wood minus exported wood that is not allocated
to wood product pools, are released into the atmosphere during the year of harvest.
Conversely, wood allocated to wood product pools is gradually released into the
atmosphere over time, based on their respective lifetimes. Domestic harvest is assumed
to be balanced by an atmospheric CO, sink of equivalent magnitude, which is not
necessarily the case given that harvest is rarely in equilibrium with forest increment, but
inversions NEE will correct for this imbalance and can thus be compared with NGHGls.

Included in the ForoP % flux are also the CO, emissions from domestic animals
consuming specific crop products delivered as feed. On the other hand, emissions of
CO:; from grazing animals and the decomposition of their manure are assumed to occur
in the same grid box where grass is grazed, so that the CO, net flux captured by an
inversion is comparable with grazed grasslands' carbon stock changes of inventories.
Emissions of reduced carbon compounds (VOCs, CH,4, CO) are not included in this
analysis (see Ciais et al., (2022) for a discussion of their importance in inversion CO,

budgets).

In summary, the purpose of the adjustment of (10.1) is to make inversion output

comparable to the NGHGIs that do not include Fjjvers, FSoP 744€ gnq pood trade The
UNFCCC accounting rules (Paustian et al., 2006) assume that all the harvested wood
products are emitted in the territory of a country that produces them, which is equivalent
to ignoring Fv90d trade 55 g national sink or source of CO,, hence the need to remove

Fwoodtrade from inversion NEE. The adjusted inversion fluxes from (10.1) depict the
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national CO, stock change, which better matches the carbon accounting system
boundaries of UNFCCC NGHGIs.

10.2.4. Recombining the flux components from inversions that
account for the lateral fluxes

The fluxes from inversions following the recommendations from Section 3 should be
more straightforward to post-process for the comparison to NGHGIs as compared to the
“traditional” inversions. These “non-traditional” inversions use prior CO, land fluxes
disaggregated into sub-components including the sources from lateral fluxes (following
the EYE-CLIMA CO, inversion protocol, (Broquet et al., 2026) ). Such inversions provide
estimates of the NEE taken as the difference between the GPP and the autotrophic and
ecosystem heterotrophic respiration fluxes, plus “non-fire” disturbance fluxes due to
land use change (FLuc, see Section 3).

The first post-processing step is to sample the NEE fluxes over managed land as
described in Section 10.2.1. Then, if a “river sink” compensating the local soil to river
carbon flux (F3{7¢" $"k) is included in the NEE estimate, following the reasoning detailed
above, it should be subtracted from the inversion NEE fluxes. If it is explicitly taken as a
separate term (as in the EYE-CLIMA CO; inversion protocol), it can be ignored.

The NEE should still be adjusted to remove the carbon sink compensating the harvests.

Independent estimates of the local loss of carbon due to harvest (of crops and wood,

crop harvest . .
Ff and Fyyeed harvesty are needed for such a correction (such as that from Ciais

et al., 2022). The sum of the resulting NEE+F yc flux and of the biomass burning FBE flux
corresponds to the change in the carbon stock of the ecosystems and it should be
consistent with that from the NGHGIs, i.e., with the LULUCF fluxes from these
inventories after excluding the Harvest Wood Product sector:

inv NEE+FLUC _ ryinv NEE+FLUC BB crop harvest wood harvest ni
Foaj =Fyr + Fyp +1Fy |+ [FuL | & Fane (10.2)

or if the river drainage has been accounted for as a separate sink:

Fim{ NEE+FLUC _
adj
inv NEE+FLUC river sink BB crop harvest wood harvest ni
Fur +|Fyg |+ Fyp +1Fy, |+ |y, | © Fane (10.3)

if this is implicitly included in the NEE+F_yc estimates.

10.3. CH, fluxes
Philippe Ciais and Tuula Aalto

Most atmospheric inversions derive total net CH,fluxes at the surface as it is difficult for
them to disentangle overlapping fluxes from different sectors at the grid cell/regional
scale based on atmospheric CH, observations only. However, some inversion systems
solve for source categories, which, even if no isotopic data are included, are constrained
to some extent using the different spatio-temporal distributions of fluxes in different
sectors.

Where inversions explicitly solve for fluxes by source sector, the total anthropogenic CH,
emission can be derived by summation of the anthropogenic sectoral fluxes. Otherwise,
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the total anthropogenic emission can be found by subtraction of the natural fluxes from
the total flux.

The inversions and NGHGIs can be compared on the total anthropogenic emissions or
for super sectors, e.g. “fossil” (FF), “agriculture and waste” (AgW) and “biofuel and
biomass burning” (BB). For the comparison, NGHGI emissions for the IPCC Common
Reporting Format (CRF) sectors (1) “energy” and (2) “industrial processes and product
use”, excluding biofuel emissions, are combined into the super sector of “fossil”. The
sectors (3) “agriculture”, excluding agricultural waste burning (3F), and (5) “waste”, are
combined into the super sector of “agriculture and waste”. The sector (3F) as well as
residential biofuel combustion (e.g. stoves, boilers, fireplaces), are combined to the
super sector “biofuel and biomass burning”.

It should be noted that in the inversions, the BB category includes CH4 emissions from
wildfires in forests, savannas, grasslands, peatlands, agricultural waste, as well as
residential biofuel combustion (e.g. stoves, boilers, fireplaces), while in NGHGIs,
emissions from wildfires are usually not included. To ensure consistency, bottom-up
wildfire emissions are subtracted using estimates derived from e.g. GFED (Werf et al.,
2025) or GFAS (Kaiser et al., 2012) datasets. However, because these also provide
separate estimates for agricultural and waste fires, which are assumed to be reported in
NGHGIs, these emissions should not be subtracted from the inversions, i.e., not
included in the term Ewi[dﬁre in (1 04)

The “fossil”, “agriculture and waste”, and “biomass and biofuel burning” sectors
aggregate into total anthropogenic emissions which can be compared to inventories as
follows:

ant = Efgw +Eff’ + Efg — Ewiafire © Egne (10.4)

For inversions solving for net emissions only, the partition to source sectors can be
created based on the fraction of each sectoral emission to the total emissionin each grid
cellin the prior emission estimates. For inversions solving for some source categories, a
similar approach can be used to partition the solved categories into the five super
sectors. However, such processing can lead to significant uncertainties since the
fraction of the sectoral emissions in the prior may not be consistent with reality.

Deng et al. (2022) propose four methods to separate CH, anthropogenic emissions from
inversions (Ej(;;;h) to compare them with national inventories (Ejl,ilth). The differences in
the calculated results among the four methods were smaller compared to the variations
observed in the inversions (see Figure 9 of Deng et al., 2022).

10.3.1. Comparing inversions with NGHGI estimates for managed
peatlands

The areal extent of wetlands is still poorly constrained in the scientific literature. Multiple
global wetland inventories derived from remote sensing and land-cover products show
substantial inconsistencies, with estimates of total wetland area varying widely
depending on the dataset and methodology used, highlighting major uncertainty in even
broad-scale metrics. Examples of recent global and regional wetland maps include e.g.
GLWD (Lehner et al., 2025), WAD2M (Zhang et al., 2021b) , GIEMS-MC (Bernard et al.,
2025), BAWLD (Olefeldt et al., 2021) and European Wetland Map (Tegetmeyer et al.,
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2025). Combining these maps with more general land cover products needed as model
input, like EU-Corine (EEA, 2021) or ESA CCI LC (Defourny et al., 2019) requires re-
interpretation of land use classes and can be challenging. High-latitude wetlands are
particularly challenging to quantify: peatlands and seasonally saturated soils dominate
above ~50° N but are difficult to detect with coarse satellite data because organic soils
and small, heterogeneous wetland features can be indistinguishable from surrounding
land cover, ponds and lakes or masked by trees and snow and ice for much of the year.
Current global mapping products may misestimate northern wetland area and
misclassify wetland types, which in turn propagates uncertainty into estimates of
methane emissions and carbon storage.

Because wetland extent is difficult to quantify, the identification of managed wetlands is
likewise uncertain. Peatland management, most commonly involving drainage for
forestry, agriculture (cropland or grassland) or peat extraction, can lead to a wide range
of ecological and biogeochemical outcomes. In some cases, drainage is incomplete or
ineffective, and peatlands remain waterlogged and continue to emit methane. They may
contain trees and belong to e.g. transitional forest land use category. In other cases,
drainage results in well-aerated soils that support dense, productive forests. In such
well-drained peatlands, ecosystem respiration is enhanced, leading to progressive peat
mineralization and long-term carbon loss e.g. (Tyystjarvi et al., 2024) . Methane is usually
not emitted other than after prolonged rain periods/ flooding. However, drainage ditches
emit methane and are included in NGHGIs. The designation of land as peatland typically
requires the presence of a peat layer exceeding ~20-30 cm often with high organic
carbon content, although exact thresholds vary among national definitions and soil
classification systems. At the global scale, datasets such as those created by Fluet-
Chouinard et al. (2023) have mapped drained peatlands and their historical
development. Additionally, peatland management practices include rewetting and other
interventions that alter hydrology, sometimes resulting in constructed wetlands or
artificial waterbodies on peat soils, particularly following drainage or peat extraction. It
is assumed that restored wetlands return in time close to the pristine state and,
therefore, they are not always included in NGHGI. While land-cover products such as the
EU CORINE inventory distinguish many of these categories, national-level information is
often required to determine whether these land uses occur on peat soils. Tanneberger et
al. (2021) has mapped the degraded peatlands across the EU and linked these results to
CORINE land-use classes.

For atmospheric inversions and greenhouse gas assessments, it is important to
distinguish between peatlands that are degraded and may no longer emit methane and
those that remain pristine or maintain sufficiently high-water tables to support seasonal
or persistent methane emissions. Some high-water table peatlands are located on
managed lands and may therefore be eligible for emission reporting.

It should also be noted that the IPCC guidelines only provide a loose definition of land-
use categories, which the countries can apply based on their national circumstances.
This leads to ambiguity in the definition of land use categories. Water-saturated organic
soil with mostly bushy of grassy vegetation could for example be categorized as wetlands
or grass land in different countries, which complicates the inter-comparability of
emission from different countries.
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10.4. N-O fluxes
Rona Thompson

In UNFCCC reporting, only anthropogenic N,O emissions are reported. For N,O, these are
principally emissions from agriculture, chemical processing, wastewater treatment, and
combustion of fuels.

For agriculture, emissions are reported for direct emissions, namely those that occur
from nitrogen (N) applied directly to agricultural soils, and indirect emissions, namely
those from soils as well as inland and coastal waters that receive anthropogenic N
indirectly, thatis, by atmospheric deposition, run-off and leaching. Direct agricultural soil
emissions are calculated using emission factors multiplied by N-inputs. The emission
factors (EF) represent the emission response to N-input (F;) above a background level and
are determined from measurements of emissions in a fertilized (or treated) plot (E/"?°)
versus an unfertilized (or control) plot (EcV?°) (see equation 10.5). As such, the emission
factor multiplied by N-input represents the enhancement due to N-input. Indirect
emissions are also calculated based on emission factors multiplied by the fraction of N-
input that is dispersed from agricultural soils (IPCC Guidelines, Chapter 11).

N20_ oN20
Er " —E¢

EF, = (10.5)

Fi

In addition, to the emission response to N-input (from fertilizers, manure, etc.),
inventories report the emissions from organic soils (Eos"?°), calculated per area of organic
soil, and the emissions from urine and dung on grazed pasture (Ersrs"?°). Thus the total
reported emission from soils is the sum of direct, indirect, organic soil and pasture
emissions:

N20 _ pN20 N20 N20 4 N20
soil. = Epir t Emair + Eos” +Epgp (10.6)

Since atmospheric inversions most typically estimate the total net N,O flux, the
anthropogenic emissions can be determined by subtracting estimates of natural fluxes.
The natural fluxes on land are from soils (E*'., this may be considered to be the
equivalent of EcN?©in (10.5) if this emission is measured in a plot without indirect N-input),

natural fluxes from wildfires (E*“",,) and inland waters, (E*..). Thus, the anthropogenic
emission from inversions is:

inv inv soil _ paq _ Ewildfire (10.7)

ant = Ltot nat nat nat

This is similar to the equation of Deng et al. (2022), except of instead of E™, — E**',.c they
use E™...a, Which is the inversion sampled for only for managed land (MLAND). This,
however, may not be a good approximation since on managed land, there may be some
natural component to the emission (e.g., N-input from leaf litter in forests) and on
unmanaged land there can be indirect emissions, especially if these are down-wind or
downstream of agricultural land.

Estimates for the natural soil emission may be obtained from process-based models,
such asthose used in the Nitrogen Model Inter-comparison Project (NMIP) (see Table 5.1)
(Tian et al. 2019). These models can estimate N,O emissions in the absence of
anthropogenic N-input but account for historic and current land-use and climate, which
is an approximation of E~",. Natural emissions from inland waters, E*.. may also be
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provided by process-based models or from empirical or semi-empirical estimates (see
Table 5.1). Wildfire emission estimates are based on satellite observations of fire activity
and emission factors. These estimates, however, may also contain emissions from
agricultural and waste burning, therefore, if these categories are included it is important
to remove them from E*“...in (10.7).

UNFCCC Annex | countries are required to report their anthropogenic emissions
according to the Common Reporting Table (CRT) format following IPCC guidelines.
However, this does not include indirect emissions due to atmospheric N-deposition from
NO, and NH; from industrial and fuel combustion sources (E.«). This is usually a small
contribution, e.g., for France and Germany itis ~3% of the total anthropogenic emissions.
In any case, for completeness this source should be added to the inventories for
comparison with E™.... Estimates of E..,, are available from some scientific inventories
(e.g. EDGAR). Thus the full comparison of NGHGI versus inversion is:
ine + Eddey = Edner © Eant = Efgt — ESGE°" (10.8)

where “other” refers to other estimates than from NGHGIs or inversions, and E",... refers
to the total anthropogenic emissions bottom-up.

Non-Annex | countries are not required to report their emissions to the same level of detail
as Annex |, but do submit National Communications (NCs) and Biennial Update Reports
(BURSs). However, these do not always report indirect emissions and, according to Deng
et al. (2022), these emissions can amount to around 20% of the direct soil emissions.
Therefore, if comparingto NCs or BURs, it is important to check what exactly is included.

Uncertainties in the anthropogenic emission source from an inversion can arise from
uncertainties in the natural emissions estimates that are used in (10.7). The largest
uncertainty will likely be from the natural soil emission estimate. Globally, natural soil
emissions are estimated to be 6.4 (3.9 - 8.6) TgN/y or 35% of the total source, however,
these emissions occur mostly in tropical and subtropical regions. The uncertainty due to
the natural soil emissions should be estimated based on the comparison of different
model estimates of this source, e.g., using NMIP model results. The inland waters source
is globally quite small, 0.08 (0.05 - 0.14) TgN/y thus representing only ~0.4% of the total
source (Tian et al. 2024). Thus, the contribution of uncertainty from this source is likely to
be small, unless this sourceis regionally important, in which case, the uncertainty should
be estimated based on the uncertainty estimate of E#%.... The source from wildfires is more
important, 0.8 (0.5 - 1.0) TgN/y or ~4% of the total source (Tian et al. 2024). Thus, the
uncertainty due to this source should be assessed by comparing different wildfire
emission datasets.

10.5. General considerations when comparing inversion fluxes with
NGHGIs

Rona Thompson and Gregoire Broquet

10.5.1. From gridded to regional estimates

Since inversions generally provide fluxes on a spatial grid (typically in degrees of latitude
and longitude), to compare with regional or country emission estimates it is necessary to
integrate the gridded fluxes over the region of interest. For this, a spatial raster is needed
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indicating the grid cells corresponding to the region. However, uncertainty in the regional
estimate can arise due to how grid cells that border with another region (or sea) are
handled. It is recommended to use a raster that includes the fractional area of each grid
cell that occurs in the region, such that only the fraction of fluxes occurring within the
region are included. Uncertainty arises due to the unknown distribution of fluxes within
grid cells bordering regions. If multiple independent prior estimates of the fluxes exist at
higher resolution than the inversion, this uncertainty may be estimated. This can be done
by disaggregating the fluxes within each grid cell according to different higher-resolution
prior estimates, and by applying the raster (at the same higher-resolution) to integrate the
fluxes, and then taking, e.g., the standard deviation of these estimates, as the uncertainty
due to the distribution of fluxes within border grid cells.

Another consideration is how to handle fluxes that occur off-shore but within a country’s
territory or Economic Exclusion Zone (EEZ). The EEZ is the maritime zone that extends up
to 200 nautical miles (370 km) from the country’s coastline. Countries are required to
include emissions that occur within their EEZ in their NGHGIs. Thus, to compare inversion
results with NGHGIs, the grid cells in the EEZ and any offshore territories should be
included (or for the latter excluded from the inventory if the territory is outside the
inversion domain). Spatial data for the EEZs are available (e.g.
https://www.marineregions.org/, last access 9 July 2026).

10.5.2. Interpretating inversion results

Bayesian atmospheric inversions correct prior estimates of the fluxes to provide new
posterior estimates. When comparing posterior fluxes to NGHGIs, it is very important to
characterize the correction applied to the prior flux (i.e., the posterior minus prior flux
difference), especially when the prior fluxes are partially or fully based on data from
NGHGIs. The diagnostics of: i) the difference between the posterior and prior estimates,
ii) the posterior uncertainties, and iii) the uncertainty reduction (calculated as one minus
the ratio of the posterior to prior uncertainties) can support such a characterization
(McGrath et al., 2023) (see also Section 2.5). Regions with high posterior uncertainty,
usually corresponding to low uncertainty reduction, are where the inversion is not well
constrained, thus the posterior fluxes there should be interpreted with caution. Moreover,
it can be expected that in these poorly constrained regions the posterior fluxes remain
close to the prior fluxes, but this cannot be interpreted to mean that the prioris correctin
these regions (see Figure 10.2).

116

This project has received funding from the European Union’s Horizon Europe
research and innovation programme under grant agreement No 101081395



https://www.marineregions.org/,

0.8

68°N - 68°N

0.02

63°N 0.6 63°N

58°N 58°N 001

53°N 53°N 0.00

oN 0.2 °N
48°N 48°N .0.01

43°N 4 43°N 4

0.0 -0.02

38°N 38°N

Figure 10.2: Uncertainty reduction (fraction of one) for the annual mean posterior flux of N2O (a), and the posterior
minus prior flux differences (g m2y’') for the same inversion (b). The flux differences over western Europe fallin an
area of high uncertainty reduction and, therefore, can be considered well-constrained, whereas flux differences in
e.g. Belarus fall in an area of low uncertainty reduction and have low confidence. (Example from the EYE-CLIMA
project, inversion run with CIF-FLEXPART).

It is important to note that the uncertainties in the posterior fluxes from atmospheric
inversions often have negative correlations between grid cells. This can be seen by
examining the off-diagonal terms of the posterior error covariance matrix, if it is available.
These negative correlations indicate where the inversion cannot independently constrain
the fluxes at grid cell level. For this reason, posterior flux estimates become more certain
the more they are aggregated in space and time. Hence, the most robust comparisons
with NGHGIs are for large regions, countries and, where the inversion is well-constrained,
sub-country regions. Moreover, atmospheric inversions generally provide only a weak
constraint on emissions by sector, and thus comparisons with NGHGIs should bear this
in mind and not focus on comparisons for highly resolved sectoral levels, but rather on
“super sectors” (see Section 10.3).

In cases where the posterior error covariance matrix is not directly provided by the
inversion algorithm, then an estimate of the posterior uncertainty should be provided
based on an ensemble of inversions (see Section 8). In this case, the error covariance for
regions or sectors (P.) can be obtained from the ensemble as:

1

P,=—
€  N-1

(xe - )_(e)(xe - )_(e)T (1 0-9)

where X, is a matrix of the regional (sectoral) emissions for each ensemble member and
X, is a matrix of the ensemble mean regional (sectoral) emissions (i.e., repeating the
mean for each ensemble member to give the same dimension as X.). The matrix P, should

be examined for error correlations between regions (sectors) (see Figure 10.3).
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Figure 10.3: Posterior error covariance matrix for N2O emissions per country derived from an ensemble (same
inversion as used in Fig. 10.2). Note, only 9 countries with the largest N.O emissions in Europe are shown. The error
covariance matrix has only weak off-diagonal values, indicating that the country emissions are largely independent
from one another, but weak negative correlation is seen between Poland and Spain, and Spain and ltaly, likely
because these countries are close to the domain boundaries and are more weakly constrained.

As mentioned above, the diagnostics of the difference between the posterior and prior
estimates and the uncertainty reduction need to both be considered to get full insights
into the information brought by the inversions with respects to the prior estimates.

Another diagnostic can bring a more synthetized and comprehensive characterization of
this information as will be described in the following. The posterior fluxes can be
considered to be a weighting between the prior and true fluxes, where the weighting
depends on the prior and observation uncertainties and how the observations relate to
the fluxes (see Section 2.5, equation 2.17). This weighting can be described as a matrix,
which is commonly referred to as the averaging kernel (AK). Depending on the inversion
method, it may be possible to derive the AK directly, but often only approximations of this
are possible (Estrada et al., 2025). (Note, it is challenging to derive AKs from high
dimensional inversion frameworks, and this remains a relevant area for future work).

AKs support the comparison of posterior fluxes against independent estimates, as they
quantify the degree of dependence of the posterior on the prior estimate. By multiplying
the AK with the estimate to be compared (such as a flux map derived from a NGHGI) a
direct comparison can be made with the posterior minus prior flux differences. (Note the
estimate compared needs to be at the same spatiotemporal resolution as the AK). This
can be shown based on equation 2.17:

Xpos = (I = A)Xpri + AXpyye + € (10.10)

where the matrix A is the AK, I is the identity matrix, and € is the observational error. An
estimate comparable to the posterior fluxes can be derived from the independent flux
estimate, Xing:

find = (I - A)xpn- + Axind (1 0.1 1)
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Thus, comparing x,,s and Xina IS the same as comparing:
Axmd = xpos —(I - A)xpn- (10.12)

To summarize, the use of the AK allows an independent estimate to be viewed in the same
way the posterior “views” the true fluxes. By applying the AK to the independent estimate
it can be directly compared with the posterior flux minus the prior flux weighted by (I — A)
asin (10.12).

11. Epilogue

Rona Thompson

These guidelines attempt to summarize the wealth of knowledge and experience in
atmospheric inverse modelling gained over the past approximately three decades. The
title “Good Practice Guidelines” was chosen to reflect the fact that this is what is
considered to be “good practice” atthe present time butis by no means fixed indefinitely.
The fields of atmospheric modelling and inverse modelling are evolving all the time and,
thus what is “good practice” will evolve as well. Furthermore, this document presents
“guidelines”, in the sense that it offers advice based on previous studies and experience,
but not fixed rules.

As far as the authors are aware, these guidelines are the first to be written for
atmospheric inverse modelling and especially pertaining to regional scale inversions. As
such, these guidelines should be regarded as a beginning, and the hope is that the
international atmospheric inversion community will further contribute to the guidelines
and that they will continue to evolve and improve.
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13. Glossary

IPCC Intergovernmental Panel on Climate Change

UNFCCC United Nations Framework Convention on Climate
Change

a priori (or prior) Initial estimate of the state and its uncertainty, based
on inventories, climatology, or previous studies

a posteriori (or posterior) Updated best estimate that combines the a priori

information with observational data, accounting for
their respective uncertainties.
observation operator A mathematical operator that maps model state
variables to observation space.

It represents how the model’s variables are
transformed into what an instrument actually
measures.
adjoint operator The transpose (or adjoint) of the linearised
observation or model operator.

It propagates information from observation space
back to model space.
background mixing ratio The concentration (mixing ratio) of a tracer that
represents large-scale or non-local contributions,
excluding local sources within the model domain.
Itis used as a baseline concentration entering the
domain through boundaries.
boundary conditions Specified values or fluxes of model variables at the
edges of the model domain.

In atmospheric modelling, boundary conditions
control how air masses enter or leave the domain.
background The model state or estimate that serves as a
reference or initial guess before assimilating
observations.
analysis The optimal estimate of the model state obtained by
combining background information with
observations, weighted by their uncertainties.
condition number A numerical measure of how sensitive a system is to
small perturbations in input data. A high condition
number indicates an ill-conditioned problem.

model representation error Mismatch between reality and what a model can
simulate due to structural limitations of the model.
aggregation error Error introduced when fine-scale processes are

represented at coarser spatial or temporal resolution.
For example, point observations compared to grid-
cell averages can introduce aggregation error.

source receptor relationship | A quantitative relationship that describes how

(SRR) sources at one location affect concentrations at
another location (receptor).
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bottom-up Fluxes (and the methods to derive these) that are
independent of atmospheric observations and are
derived from process-based or empirical models.

top-down Fluxes (and the methods to derive these) that are

based on atmospheric observations, often through
the use of atmospheric inversion.

lateral fluxes

Flows of a given species or element (typically carbon)
that are not directly between the surface and the
atmosphere but involve horizontal displacement and
often lead to an surface-to-atmosphere fluxin a
different location.

isotopologues

Molecules with the same chemical formula but differ
only in their isotopes

source signatu res

The characteristic ratio of isotopologues from a
particular source.

spin-up

The period in which a forward model is run with
prescribed fluxes (and sink) to reach a state
representing the actual state of the atmosphere.

kinetic isotope effect (KIE)

The ratio of rate constants for different isotopologues
for the same reaction.

footprint The region over which fluxes have a substantial effect
on the observations at a given site, i.e., the site’s
footprint.

tier Refers to the one of three methodologies outlined in

IPCC Guidelines on national inventories
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1. Purpose and Audience

These good practice guidelines support greenhouse gas emission inventory compilers -
and experts who want to start using information from atmospheric inverse modelling - to
evaluate and improve theirinventories. The focus is primarily on national greenhouse gas
emissions. However, the methods described and principles explained here also apply to
the assessment of greenhouse gas emissions at larger scales (e.g. the EU27) or smaller
scales (e.g. cities), as well as to air pollutants. This guideline document assumes that
output from atmospheric inverse modelling is available from some external source
already and discusses how to use and interpret that information. Readers interested in
setting up and performing atmospheric inverse modelling are referred to the companion
document “Good Practice Guidelines for Atmospheric Inversions to Support
Greenhouse Gas Emission Reporting”, which provides guidelines for the implementation
of inverse modelling methodology and how to evaluate its results. This document on the
use of inverse modelling results starts with an explanation of the basics of inverse
modelling (Section 2), covering the essentials needed to understand inverse modelling
methods and interpret their results correctly. This introductory section is followed by
advice on how to use inversion output (Section 3), which links to Section 10 of the
atmospheric inversion guidelines. Section 4 presents open-source tools that have been
developed by inverse modellers and inventory compilers to facilitate the analysis of
inverse modelling output. They can also be used to learn more about inverse methods
and gain hands-on experience. This is followed by suggestions for further reading in
Section 5.

2. Inverse Modelling

2.1. Inverse modelling theory

Atmospheric inverse modelling (also called “flux inversions” or “atmospheric transport
inversions”) refers to the use of atmospheric measurements to support the
quantification of surface fluxes of atmospheric constituents. The surface flux is defined
as the amount of a constituent that is emitted into the atmosphere (a source) or taken up
from it (a sink) per unit area and time. In the context of these guidelines, the constituents
are long-lived greenhouse gases. The methods are motivated by the difficulty of directly
measuring fluxes at larger scales.

The approach of multiplying activity data by emission factors that emission inventories
useis, in essence, an extrapolation of information, obtained for example from laboratory
or field experiments (the emission factors), to spatio-temporal scales of interest (e.g.
national annual emissions). When scaling up emissions in this way, implicit assumptions
have to be made due to missing information, which introduce uncertainties that are
difficult to quantify. To assess the validity of the upscaling methodology and evaluate
the emission inventory, independent estimates are needed at aggregated scales. The
annual emissions of a country would be a useful example of an aggregate scale since it
is so important for monitoring policies.
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Atmospheric measurements of greenhouse gas abundances from regional monitoring
networks provide a suitable independent source of information on surface fluxes for the
evaluation of emission inventories. This is because they are particularly sensitive to the
net surface flux summed over a larger area. This is true not only for sums in space, but
also in time, because of the flow and mixing of the atmosphere between the surface
fluxes and measurement locations. The mixing ratio is used as a measure of greenhouse
gas abundance. It is the ratio between the number of molecules of a greenhouse gas and
that of dry air (primarily consisting of N, + O,) in the sampled air volume, often expressed
as parts per billion (ppb) or parts per million (ppm).

For an inert gas, the difference between the mixing ratios that are observed upwind and
downwind of a region quantifies the net surface flux in that region (see Figure 2.1). This
atmospheric constraint on the size of the flux is often referred to as a “top-down”
approach, as opposed to the “bottom-up” approach used in emission inventories, which
adds up all known sources and sinks in the region.

source enhancement

— ol

Wind

background

Measurement L— Source region —/  Measurement
1 2

Figure 2.1 A downwind-upwind mixing ratio difference quantifies the integrated emission from a source region located
in between.

Most long-lived greenhouse gases are inert on the time scale of regional transport from
emission sources to measurement points. Therefore, for simplicity, atmospheric
chemical transformation will be ignored in this introduction. The distance between
measurement points can be up to several hundred kilometres, resulting in an irregular
path across the flux region to the measurement location. Despite this complication,
mixing ratio differences observed in a measurement network contain useful information
about surface fluxes within the domain of the network. The atmospheric inverse
modelling method has been developed to transfer the information in these atmospheric
measurements to corresponding constraints on surface fluxes. This requires
information on the transport of the gas of interest from the sources to the observation
points. For this, we need an atmospheric transport model that simulates the
atmospheric dispersion of gases based on meteorological information.

Suppose we use an atmospheric transport model and feed it fluxes from an emission
inventory and meteorological information to simulate the corresponding increase in the
mixing ratio observed at a measurement site (the so-called mixing ratio enhancement).
If the measurement and the simulated atmospheric transport were exact, then a
mismatch between the simulated and observed mixing ratio enhancements would point
to errors in the emission inventory.
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In inverse modelling, an optimization algorithm is used to find the flux adjustment that
results in the best agreement between the simulated and measured mixing ratios. Here,
“inverse” refers to a reversed cause-and-effect relationship between surface fluxes and
the mixing ratio changes they cause. If a (forward) model computes the mixing ratio
change that is caused by a surface flux, then the inverse model computes the surface
flux that explains the mixing ratio change (see Figure 2.2).

Forward model
—_—

Inverse model
—

Figure 2.2: Forward and inverse modelling.

In real applications of inverse modelling, the problem is that neither the transport model
nor the measurements are exact. To deal with this, the emissions and atmospheric
measurements are treated statistically. Each variable (measurement or emission) is
represented by a probability density function (PDF). The solution of the inverse problem
is then the most plausible combination of mixing ratios and emissions that is consistent
with atmospheric transport (as represented by the transport model). Here “most
plausible” is defined statistically as the point of the joint emission-measurement PDF
constrained by atmospheric transport that has the highest likelihood (see Box 1).

For Gaussian PDFs, the maximum likelihood solution of the inverse problem
corresponds to the minimum of the cost function J(x),

J(x)=1/2(yv-H(x))R1(y-H(x)) + 1/2(x - x,)'B1 (x - x) eq. 2.1

where the vector x contains the fluxes to be estimated using the measurements in vector
y. More details about the contents of vector x will be given in section 2.4. H represents
the atmospheric transport model mapping x (fluxes) toy (measurements). The other
variables will be explained later. The first right-hand-side term of equation 2.1 measures
the difference between the forward model simulation (H(x)) and the measurements (y).
This term is reduced when the model is brought into closer agreement with the
measurements. The second right-hand-side term quantifies the deviation of the fluxes x
from a first guess xo, also called a priori fluxes. The first guess is the flux that is expected
without considering any atmospheric information. For anthropogenic emissions, it is
usually taken from an emission inventory. The second right-hand-side term avoids that
the solution of the inversion is inconsistent with the a priori information, as large
deviations in x from X, increase J(x), which the inversion tries to minimize.
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Finally, R and B are covariance matrices that represent the uncertainties of the model-
measurement comparison (i.e. the sum of model and measurement uncertainty) and the
uncertainty of the a priori emissions, respectively. These matrices weigh the differences
in both right-hand-side terms according to their uncertainty (small uncertainty means

high weight and vice versa).

The so-called a posteriori fluxes x.,.s are those that minimize J(x) and are the best
compromise between (1) simulating the observed mixing ratios, while (2) deviating as
little as possible from the first guess. These a posteriori fluxes represent the statistically
most likely solution of the inverse problem. The uncertainty of x...s is quantified by the
curvature of J(x) at its minimum (the narrower the cost function minimum, the more
precisely X.... is quantified and the smaller its uncertainty). In practice, it is difficult to
represent the transport model uncertainties in R. The best, but computationally costly,
representation of transport model uncertainties is obtained by solving the inverse

problem using an ensemble of transport models.

Box 1: A graphical representation of the a posteriori flux as the maximum likelihood point in
the transport model constrained joint probability function.

The a posteriori solution of an inverse problem is at the optimum of a probability density
function that combines the information in the a priori fluxes, the measurements and the
transport model that are used. The minimum of the cost function in equation 2.1 corresponds
to this optimum. The figures below provide a graphical representation of the a priori
information (left) and the a posteriori solution (right) for the simplified case of a single

emission source and a single measurement.
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Left: The joint probability (blue) of a priori emission and measurement probabilities (both in
red). Right: The transport model constrained joint probability (green cross section of the blue
joint probability) and the inferred a posteriori probability of both the emission and the mixing
ratio measurement (green projections on the emission and mixing ratio axes). The transport
model constrained joint probability represents the combinations of emissions and
measurements that are consistent with the atmospheric transport model.
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Note that mixing ratio enhancements due to emissions are relative to background mixing
ratios. Background mixing ratios would be observed in the absence of the emissions that
are estimated by the inversion. In regional inverse modelling, these are the mixing ratios
that are prescribed at the boundaries of the simulated domain. Usually, they are co-
optimized with the emissions. Initial mixing ratios, at the start of the simulation, can be
co-optimized too. However, it is more common to use a spin-up (and spin-down) period
to remove the ends of inversion-optimized time series. Section 2.3 provides further
information on the methods that are used for solving equation 2.1.

2.2. Atmospheric constraints on surface fluxes

Atmospheric inversions for estimating greenhouse gas fluxes use observations from
measurement networks and/or satellite remote sensing. Ground-based networks
include, e.g., the Integrated Carbon Observing System (ICOS) in Europe or the Global
Atmosphere Watch (GAW) program of the World Meteorological Organization (WMO)
with measurement sites around the World. Figure 2.3 shows a picture of the
measurement tower in Cabauw, the Netherlands, and a map of the ICOS stations in
Europe. Since these networks are sparse, sites are selected at large distances from
strong local sources so that the measured mixing ratios represent scales that are large
enough to avoid unobserved gaps in the network. This approach supports regional flux
estimation but limits the spatial resolution that can be achieved (e.g. if one were to
measure upwind and downwind of a single farm, the resolution would obviously be
higher).

Figure 2.3: The measurement tower in Cabauw, the Netherlands (left) and a map of the locations of the ICOS
atmospheric stations across Europe (red dots, right). Source: https://www.icos-cp.eu.

In recent years, a growing number of satellites have been providing a wealth of global
data on the abundance of greenhouse gases (e.g., NASA OCO-2/3 for CO,, and S5P
TROPOMI for CH.), measuring the so-called column-averaged mixing ratio. Here
“column” refers to the vertical column of air from the surface to the top of the
atmosphere that a satellite sees.
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Since the vertical column spans the entire atmosphere, local emissions cause only small
enhancements in satellite-observed columns (of the order of 1 ppm enhancement in
CO.for a big city). For this reason, the power of regional satellite measurements to
resolve fluxes is rather small. An important exception is high-resolution satellites for
detecting methane leakages from single facilities. However, these only work for strong
local sources.

The constraint of atmospheric data on surface fluxes is quantified by the uncertainty
reduction that an inversion can achieve. If the uncertainties of an a priori and a posteriori
flux are go and oap0s, then this uncertainty reduction is defined as (0o — Gapos)/do X 100%.
The uncertainty reduction is highest for fluxes that are best observed by the
measurement network. Importantly, uncertainty reduction increases with the spatio-
temporal scale of the flux that is estimated. This means that larger regions and longer
time spans can be better constrained than smaller regions and shorter time spans. This
is because emissions from a larger region are detectable in a larger number of
measurements and are therefore better observed. In regional inverse modelling, the
spatial resolution is limited to a few hundred kilometres for seasonal fluxes in the best
observed part of the ICOS network.

The large scales that are resolved by inverse modelling limit its capacity to distinguish
between emissions from different source sectors. Sectorial attribution can only work if
emission sectors are separated in space or time at scales that the inversion can resolve,
which is usually not the case. If the a priori flux uncertainty differs strongly between
sectors, then the inversion will attribute emission adjustments by design to the most
uncertain sector (see section 2.2). Because of this, CO, inverse modelling usually
attributes flux adjustments to natural processes or the LULUCF sector, since emissions
from fossil fuel burning have a much smaller uncertainty. The combined use of
measurements of co-emitted gases or isotopes in inversions is under development, and
has the potentialto improve the sectoral attribution. In the case of methane, forexample,
a source that also emits ethane points to a fossil source, and a joint methane-ethane
inversion can use this to separate biological and fossil sources of methane. For strong
local emissions of methane, high-resolution satellites can reach the resolution needed
to uniquely identify emission sources.

2.3. Aposteriorifluxes

From the discussion in the previous section, it follows that the results of inverse
modelling can only be used to evaluate an emission inventory for fluxes that are
sufficiently well detected by the atmospheric measurements. The so-called a posteriori
flux uncertainty covariance matrix provides important information on whether this is the
case. This matrix contains the a posteriori uncertainty of each flux and how these
uncertainties are correlated between fluxes. It is computed from the curvature (second
derivative) of the cost-function as explained in Section 2.1. The fluxes should show a
significant uncertainty reduction compared to the a priori flux uncertainty; otherwise, the
atmospheric measurements did not provide enough information. The a posteriori
uncertainty covariances are also important, because they indicate whether the inversion
can estimate fluxes in one region independently from fluxes in neighbouring regions. Flux
inversions generally cannot resolve country borders. If inversion-derived flux
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adjustments (the difference between a priori and a posteriori) are sensitive to the country
mask that is used to obtain country totals, then this sensitivity adds to the uncertainty of
the flux adjustment for a country. This is because the inversion cannot localize a required
flux adjustment well enough to tell on which side of the border it is needed.

Due to the use of a priori fluxes, the a posteriori fluxes that are obtained from inversions
are not independent estimates of those fluxes. While atmospheric measurements
provide independent information on greenhouse gas fluxes, the mapping of this
information onto the fluxes depends on the a priori fluxes. The flux adjustment that is
needed to match the atmospheric measurements reflects the independent information
carried by the measurements and is therefore more independent of the a priori fluxes
than the a posteriori flux is. For this reason, the emission inventory to be evaluated
should preferably be used as a priori fluxes. If other a priori fluxes are used, then the
comparison between the a posteriori fluxes and the inventory is compromised by the
difference between the a priori fluxes used in the inversions and the inventory being
evaluated.

The spatial or temporal pattern of the a posteriori fluxes below the scale that is resolved
by the inversion stems from the a priori fluxes. For this reason, the a posteriori fluxes
often reproduce the exact location of local emissions —which might seem impressive but
is explained largely by the a priori. A useful measure of inversion performance is the flux
uncertainty reduction; the larger the uncertainty reduction, the stronger the influence of
the measurements and the more independent the estimated flux is from its a priori
starting point.

Because of the importance of transport model uncertainty, it is advisable to compare
results of flux inversions that use different transport models to test if flux adjustments
are robust to the transport model that is used.

If mixing ratio output is available from a forward model run using a posteriori fluxes (the
simulated mixing ratio at the measurement stations, see section 2.1), then it is advised
to check the fit of the inversion to measurements at sites in the vicinity of the adjusted
emissions. If the inversion fails to reproduce these measurements within their
uncertainty, this is a sign that the transport model fails in the transfer of measurement
information to the fluxes. This test is useful for independent measurements as well as
measurements that are used in the inversion. If the inversion significantly improves the
fit to independent data compared with the a priori simulation, then this is a strong
indication that there is a problem in the a priori fluxes. As an example, Figure 2.4 shows
the time series of the a priori, a posteriori, and measured CO, mixing ratios at the
Torfhaus station in Germany for the year 2022, from an inversion with the LUMIA system
(using FLEXPART as atmospheric tracer transport model). At this site, the fluxes improve
the fit to the observations compared with the a priori fluxes.
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Figure 2.4: Hourly time series of a priori (orange line) and a posteriori (green line) CO, mixing ratios simulated by
FLEXPART at Torfhaus (TOH) station (German ICOS station) compared with the measured mixing ratios (black line),
along with the associated bias and RMSE.

As discussed in section 2.1, inversion-derived flux adjustments address the sum of all
emission sectors, unless the inversion setup is designed to obtain sector-specific
information (using additional information such as isotopes or co-emitted gases). If the
inversion setup distinguishes different sectors without measurements that support their
distinction, then the flux adjustment is usually distributed over all sectors weighted by
the a priori uncertainty of each sector.

If the target gas has important atmospheric sinks (such as for CH,) or is removed by
atmospheric deposition (e.g. in the case of aerosols), this needs to be accounted for in
the atmospheric transport model. The a posteriori flux will be sensitive to errors in the
sink term, which are difficult to distinguish from errors in the sources (again, the sum of
both errors can be estimated, but process attribution is difficult). Note that in regional
inversions of long-lived greenhouse gases such as CHi, the contribution of the
atmospheric sink is often small enough to be neglected.

2.4. Inversion methods

A wide variety of inversion methods exist and can be found in the literature. A
comprehensive overview of those methods explaining the technical differences between
inversion systems is outside of the scope of this document (more information can be
found in Section 2 of the companion document “Good Practice Guidelines for
Atmospheric Inversions to Support Greenhouse Gas Emission Reporting”). The aim of
this section is to provide generalinformation on inversion methods that is relevant for the
use and interpretation of inversion-optimized fluxes.

2.4.1. Domain size

The size of the domain that is used in inverse modelling ranges between that of a single
emitting facility and the whole Earth. Because of computational costs, there is a trade-
off between the domain size and the spatial resolution of the transport model that is
used; the smaller the domain, the higher the resolution that can be achieved. The
resolution at which the inversion estimates fluxes is often coarser than the resolution of
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the transport model that is used. In this case, the flux to be estimated spans several
model grid boxes (in space and time). The inversion then scales the flux pattern spanned
by these boxes. The pattern comes from the dataset that is used as a priori and is not
modified by the inversion. Nevertheless, the details of this pattern matter for the quality
of the transport model simulation, which is why inverse modellers are generally keen on
obtaining details on emission locations and time profiles at high resolution from
inventories.

Global modellers do not need to worry about spatial domain boundaries, which is an
important advantage compared with regional models. Mixing ratios at the domain
boundaries of regional models are taken from global models and can be optimized
further. Subtle differences in atmospheric transport at the domain boundaries between
the global modelthat supplies those boundaries and the regional model that needs them
can affect the optimized regional emissions (particularly those in proximity to domain
boundaries). To overcome the spatial resolution limitation of global models, zoom
models that provide enhanced resolution over a region of interest are used. Below a few
kilometres resolution, different physics needs to be included in the model, because it
starts to resolve phenomena such as clouds and turbulence that are taken care of by
subgrid parameterizations in coarse resolution models. Because of this, there is a limit
to the use of global zoom models.

Atmospheric transport models either use precomputed meteorology from a weather
forecasting model (“offline” models), compute their own weather (“online models”), or
combine these by steering the computed meteorology to that of a weather forecasting
model (through a method called nudging). Since the resolution of weather forecasts is
limited, the combined option has the advantage that local weather conditions can be
simulated more precisely (a high-resolution model nudged to a lower resolution
forecast). There is a trade-off with computation time (and hence domain size) since
online models are computationally more expensive to run.

Depending on the size of the domain for which inversion-estimated emissions are
needed, global, regional, or high-resolution turbulence-resolving models may be
required. When comparing inversion results to inventories, it is good to check if a suitable
model was used. For example, a typical global inversion without zooming provides
insufficient resolution to estimate fluxes from individual European countries.

2.4.2. Control vector size

In inverse modelling computer programs, the control or state vector contains the
parameters that are optimized (x in equation 2.1). It consists of parameters representing
the flux of a certain region during a certain time interval. The size of the control vector
depends on the definition of those regions (in space and time). The more regions and time
intervals, the higher the computational costs and the larger the degree of detail at which
the inversion can modify the fluxes. A too low degree of detail may compromise the fit to
the measurements and may lead to biased a posteriori emission estimates. A too high
degree of detail may lead to over-fitting of the measurements and unrealistic fine-scale
fluctuations in the emission adjustments (often referred to as dipoles because of upward
and downward adjustments that are right next to each other). The optimal compromise
depends on the information content of the measurements, which varies with distance
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from the measurement location. Some inversion methods adapt the region size to the
information content within the measurement network. In this case, the region size
increases with the distance from the measurement points. Alternatively, emissions can
be optimized at the highest spatial resolution (of the model grid) in combination with
spatial and temporal correlation length scales. These correlation length scales provide
adjustable constraints on the flexibility of the inversion to modify the emission
pattern. They are specified in the a priori uncertainty covariance matrix (B in equation
2.1). Ahigh correlation between the a priori uncertainties of two neighbouring flux regions
means that if one flux is underestimated, then the neighbouring flux is likely to be
underestimated also. As a result, these fluxes will likely be modified inthe same manner.

When using a posteriori emissions from an inversion to evaluate an emission inventory,
it is advised to check that the setup of the inversion and the definition of the state vector
are appropriate for the inventory that is evaluated. For example, if the region size exceeds
the size of a country, then the inversion cannot resolve the flux from that country.

2.4.3. Measurements

The ground-based measurements used in inversions are usually from measurement
networks that provide datasets spanning several years. The global WMO GAW
measurement network provides data, predominantly from remote measurement sites
that represent background conditions. Ambient air samples are collected in flasks that
are sentto centrallaboratories for analysis. The sampling frequency varies between sites
but is usually rather low (about once a week). The global network is designed to monitor
large-scale trends in greenhouse gases. Global inversions using these data estimate
fluxes over large subcontinental regions.

Inversions for estimating national greenhouse gas fluxes use measurements from
regional monitoring networks (such as ICOS in Western Europe). In this case, samples
are collected continuously from tall towers (100 m or higher) and are analyzed using
locally installed greenhouse gas monitors (see Figure 2.3). This allows short-term mixing
ratio variations to be measured, which are critical for estimating regional fluxes. The
number of towers in regional networks is limited and unevenly distributed over the
domain that is monitored. The performance of regional inversions varies within the
domain of the regional network. For countries in the periphery of the network, the gain
from using atmospheric measurements will inevitably be less. Without measurement
information, the inversion will return the a priori fluxes. In the periphery of the network,
however, the a posteriori fluxes might rather deviate from the a priori in compensation
for transport errors from elsewhere in the domain.

Satellites improve the measurement coverage in places where surface networks provide
insufficient observational constraints. However, inversions using satellite data have their
own challenges related to the variable data coverage, because of the cloud free
conditions that are required, and retrieval errors that are correlated with the
measurement conditions (surface albedo, sun angle, etc.). Currently, the most reliable
quantification of emissions using satellites is for large local emissions that are within the
detection range of high-resolution satellites.
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When using a posteriori emissions from an inversion to evaluate an emission inventory,
it is advised to verify the source of measurement data that was used, to judge whether it
provides suitable information for the inventory being evaluated. For example, using only
weekly measurements from background sites of the global monitoring network provides
little information on the emission from a western European country.

Table 2.1 lists public archives that provide inversion results. Section 4.2 discusses tools

that are available to start using these data.

Table 2.1: Public archives of inversion-optimized emissions.

Archive Target gas | Target application | URL
CAMS CO,, CHy, Sub-continental https://ads.atmosphere.copernicus.eu/da
reanalysis N.O trends and tasets/cams-global-greenhouse-gas-
interannual inversion?tab=overview
variability
CAMS CH,4 Facility-scale https://apps.atmosphere.copernicus.eu/o
facility scale methane emissions | verview?app=methane-explorer
from satellites
GCP CO,, CHy, Sub-continental https://www.globalcarbonproject.org/recc
RECCAP2 N.O trends and ap/overview.htm
interannual
variability
ICOS-CP CO,, CH,4 National-scale For CO,:
emissions for https://www.icos-cp.eu/data-
Europe products/G068-1T09
For CH,: https://meta.icos-
cp.eu/collections/egtmTg6COhmsz2YAA
yDugQy

3. Comparing inverse modelling results to inventory data

The comparison of inverse modelling results to emission inventories may provide
valuable insights into the quality of the emission inventory and may indicate points for
further development. For inverse modelling data to provide actionable insights, which
may lead to an update of the emission inventory, it is necessary to accurately identify the
origin of any differences. Therefore, it is helpful to compare the data on different levels,
from comparing national total emissions, their spatial distribution, and their variability
over time to sectoral disaggregated emissions.

3.1. Comparison of national total emissions

The starting point for most comparisons between national greenhouse gas inventories
and inverse modelling results is a comparison of national total emissions. Depending on
the format of the inverse modelling output, national total emissions must be calculated
by selecting grid cells within the country borders for the country of interest.
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Although this comparison seems straightforward, there are a couple of points to pay
attention to:

Posterior emissions from inversions are usually provided on a spatially resolved
grid and need to be aggregated to the national scale by summing up emissions
within the country borders. The same country map should be used for allanalyses
to ensure consistency. Attention needs to be paid to emission sources that are
located close to national borders, as these emissions might be assigned to the
wrong country, leading to additional uncertainties (for a more detailed
discussion, see Section 10.4.1 of the companion document).

It is good practice to include the a priori emissions in the comparison between a
posteriori emissions and inventory data, as well as the a priori and a posteriori
uncertainties (see Figure 3.1). This is because the a posteriori estimate is not
independent of the a priori (see Eq. 2.1). The degree of dependence on the a priori
is determined by the number of observations and their certainty in relation to the
uncertainty in the fluxes that are optimized. It can be gauged from the a posteriori
uncertainty and uncertainty reduction (see the discussion on this in Section 2.3).
For instance, if there is already a significant discrepancy between a priori and
inventory emissions, this might already explain differences between a posteriori
and inventory emissions.

It is good practice to include the outputs of several different inverse modelling
setups in the same comparison if available. Discrepancies between a posteriori
fluxes of different runs provide useful additional information on the a posteriori
flux uncertainties. The individual inversion results should, however, be
benchmarked beforehand to determine their quality and suitability for inclusion
in the comparison (see also Section 9 of the companion document). The Flexible
Inversion Tool for Inventory Compilers, presented in Section 4.2.2, provides
examples of different inversion setups and allows the assessment of their impact
on the inversion results.

A posteriori emissions from inverse modelling may include emissions not
accounted for in the emission inventory. This might, for example, concern natural
emissions of methane or carbon dioxide emissions. It is important to ensure that
the comparison is consistent concerning the emission sectors and processes
that are accounted for.

Differences between inventory emissions and inverse modelling results may havevarious
reasons. Besides over- or underestimation of known emission sources, they could also
point to missing emission sources in the inventory. However, it should also be noted that
both emission data from inverse modelling as well as emission inventories are estimates
with their respective uncertainties, and observed differences do not automatically
indicate mistakes in the inventory but may also be caused by uncertainties in the inverse
modelling method (for example, due to transport model errors).
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Figure 3.1: Example of a comparison between inventory-reported and inversion-derived methane emissions in
Germany, including the official reporting (UNFCCC 2025 and updated 2026 in grey diamonds with reported
uncertainties), other inventories (TNO_v7, LPJ-GUESS and Saunois et al., 2020) and the a priori and a posteriori
emissions of different inversions (LUMIA, ICON-ART and WRF-Chem) with their sectoral partitions.

3.2. Emission trends and seasonal variability

It may be very instructive to analyse temporal variations in emissions. Comparing the
long-term emission trend spanning several years is important as emission inventories
and inversions yield more robust results for trends than for means. Trends and
percentage changes from year-to-year are also commonly targeted by policies. Trend
analyses do require long time series (~10 years), for example because of the inter-annual
variability in natural fluxes. However, the consistency of such time series should be
checked, as changes in the configuration of the measurement network over time can
affect inversion-derived trends. A jump in the uncertainty reduction may be a sign that
such changes occurred. It is also useful to compare the year-to-year variability of
emissions, which might point to natural fluxes responding to climatological variations or
anthropogenic emissions influenced by fluctuations in economic activity.

Next to the annual variability, it is also useful to compare the seasonal cycle of
emissions. As most inventories calculate only annual emissions (as this is the required
temporal resolution in the reporting), this comparison can be based on process
knowledge about major emission sources. Alternatively, one can use temporal emission
profiles, as provided for example by CAMS-TEMPO (Guevara et al., 2021), to infer
seasonal emissions from an annual inventory. Note that the uncertainty in inverse
modelling-derived seasonal cycles can be reduced by averaging multiple years.

This project has received funding from the European Union’s Horizon Europe 16
research and innovation programme under grant agreement No 101081322




3.3. Comparison of gridded emissions

Besides emission variations, it is instructive to analyse where emissions take place by
comparing the spatial distribution of emissions to identify underlying causes of
discrepancies. For example, inverse modelling emissions of sulphur hexafluoride
emissions over the Netherlands indicated emissions in the South of the Netherlands,
which did not relate to any known emission source but could be linked to AWACS
airplanes stationed at the NATO airbase Geilenkirchen in Germany (van der Net et al.,
2026). It should be noted that the spatial distribution of the a posteriori emissions can be
strongly influenced by the spatial distribution of the prior emissions. Therefore,
deviations between the spatial distribution of a posteriori and a priori emissions provide
particularly valuable information.

The comparison of spatial emissions is straightforward if the emission inventory provides
gridded emissions that may directly be compared to emission maps from inverse
modelling. Differences in map projection or resolution might complicate this
comparison. In this case, it is helpful to resample both datasets to a common grid. Such
maps facilitate the calculation of difference maps or the correlation between the two
gridded datasets. It is important to use a regridding algorithm that conserves total
emissions.

If national inventory data are not available as gridded maps, then inverse modelling-
estimated emission maps can also be compared to proxy data. Projecting a posteriori
emissions on a geographical map could also be effective in identifying known sources.
Alternatively, global emission datasets can be used such as CAMS-REG-ANT (Kuenen et
al. 2022) or CAMS-REG-GLOB (Soulie et al. 2024), which provide gridded data based on
national reporting.

Special attention should be paid here to large emission intensities in grid cells crossing
national borders. These are usuallydistributed between different countries based on
surface area. If the emissions are in reality only occurring on one side of the border, this
can lead to discrepancies in the national total emissions. Comparing these emissions to
known emission sources in this grid cell can help to identify their origin and improve their
attribution (see Section 3.1).

3.4. Comparison of sectoral information

If inverse modelling output provides a sectoral split, this can greatly facilitate the
identification of problematic source categories. This requires the consideration of the
following points:

e Different sectoral definitions exist that may lead to appreciable deviations in the
included emissions. Therefore, it is important to perform a country-specific
sector check to ensure a truthful comparison.

e Inverse modelling may provide sectoralinformation based on co-emitted species,
the isotope profile, sectoral differences in the timing of emission, or the sectorial
split according to the a priori emissions. When it is based on the sectoral split of
the a priori emissions, the sectoral split of a posteriori emissions is not
independent of the sectoral split of the inventory and should be considered with
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caution. Evenifisotopes or co-emitted compounds are used, the a priori emission
pattern is also used, compromising the independence.

4. Technical aspects of using inverse modelling results

Inventory agencies who would like to use inverse modelling results need an entry point
in their annual inventory reporting cycle to do so. The IPCC Refinements (IPCC, 2019) on
quality assurance/quality control (QA&QC) offer guidance for inventory compilers on
how to approach this. However, the IPCC Refinements do not provide a detailed
technical recipe on how to use inversion data for inventory evaluation. This section
provides guidance and a description of openly available, pre-developed tools to facilitate
the use of inversion data. Depending on the skill set of the user, these tools differ in
complexity and required computing experience.

4.1. Inversion data for inventory compilers

There is a technical barrier to the use of the output of atmospheric inverse models
directly. Since these data sets have a higher dimensionality (at least two spatial
coordinates and a time coordinate), they can become quite large. This led to the adoption
of a specialized data format in atmospheric science, NetCDF, which might be unfamiliar
to inventory compilers and, hence, may pose an additional barrier towards using
inversion results. These files should, in principle, be fully documented and can be read
and opened with many commonly used software packages. For example, GIS software
can natively process NetCDF files. In addition, Python packages (xarray, gdal) and R
libraries (Raster, Terra, Ncdf4) allow using these established data science tools to read
and analyze NetCDF files. There are also simpler tools such as Panoply (NASA GISS,
2026) for inspection and visualization of the content of such NetCDF files.

Besides loading the data, the next technical challenge lies in extracting emission data
that is comparable to inventory data, i.e., calculating a national yearly emission total
instead of daily or monthly fluxes on a spatially resolved grid. These operations might
seem straightforward but can have intricate details. For this, we would usually
recommend using established software (e.g., GIS software) or Python/R-packages.

As a final note, one needs to pay attention to the units used in the data. While emission
inventories report emissions usually in units of weight, like kg, kt or Mg per year, inverse
modelling outputs are often reported as particle fluxes in units of mol/m?/s (but also
particle numbers or the mass of carbon in CO, or CH, are sometimes used). That means
one needs to convert them considering the molar mass of the gas, the area of interest
and the number of seconds in a year (in the case of mol/m?/s), where leap years need to
be considered as well.

4.2. Tools specifically developed and tailored for inventory compilers
4.2.1. The AVENGERS Python tools

In the Avengers project (https://avengers-project.eu/), the inventory makers involved
identified the support that they would need to be able to make use of atmospheric
inversion output data (see box 3 of Mielke et al., 2024).

This project has received funding from the European Union’s Horizon Europe 18
research and innovation programme under grant agreement No 101081322



https://avengers-project.eu/

This led to the development of the Avengers Analysis Tool for Inventories in PYthon
REcipeS (AVANTI-PYRES). These tools support inventory compilers in comparing their
data with other third-party data sources such as:

1. Global inversion data products from the atmospheric datastore of CAMS
(https://ads.atmosphere.copernicus.eu/datasets/cams-global-greenhouse-gas-
inversion?tab=overview),

2. The Emissions Database for Global Atmospheric Research - EDGAR
(https://edgar.jrc.ec.europa.eu),

3. Data from the pollution release and transfer register (PRTR) together with data
from the industrial emissions data hosted by EEA on the IED portal
(https://industry.eea.europa.eu/industrial-emissions/about),

4. Data from emission trading
systems(https://www.eea.europa.eu/en/analysis/maps-and-charts/emissions-
trading-viewer-1-dashboards).

The tool is available as a repository (see Table 4.1). The repository is fully documented
and is accompanied by full walk-through example files in pdf format that illustrate data
input and output to the users in order to fully replicate the script input, behaviour and
output. Basic knowledge of Python scripting for data analysis is recommended to make
the most use of the scripts. Figure 4.1 shows the structural design of these Python tools.
The top level of the repository contains Jupyter notebooks that act as a frontend for the
data analysis process. The scripts folder contains Python scripts, which carry functions
and classes that act as a backend for the Jupyter notebooks. Images and plots are used
in markdown cells of the Jupyter notebooks to illustrate the process to the users. The
data folder is structured according to the datasets used in the analysis process. Each
Jupyter notebook starts with links to data repositories from which data can be
downloaded. After the download, the data is moved to the correct folders by the user,
which enables the correct data access via the relative path structure of the repository.
Each notebook carries out its own analysis of the inventory data and writes the results to
an output folder. The output data may be processed further to generate comparisons of
national totals and correlations using the “verification” Jupyter notebook.
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Frontend (self documented)
Verification (Introduction), Ied_prtr EU-IED Data
eu_ets (EU-ETS Data), Edgar (EDGAR Data)

Data Structure: | || /Data/CRT Data e.g. from UNFCCC |

-Data Sources | <I7/B3ta/EDGAR Data from JRC |
-Output

Data/CAMS (CH4/N20/CO2) monthly data from ECMWF |

_ | |[/Data/IED Data from EU-Industrial Emissions Portal|

|/Data/Output Output from the Notebooks |
\/

Figure 4.1: Repository structure of the AVENGERS Python tools. Jupyter notebooks contain the basic functionality for
comparing inventory data to the four datasets above. Each notebook is annotated and guides the user through the
analysis process.

4.2.2. The AVENGERS Flexible Inversion Tool for Inventory Compilers

The Flexible Inversion Tool for Inventory Compilers (FIT-IC, https://fit-ic.inversion-lab.com)
is being developed within AVENGERS by a team of inventory compilers and atmospheric
inversion experts to bridge the gap between these two communities, with particular
focus on educational aspects of atmospheric inverse modelling.

FIT-IC is being designed to answer questions relevant to inventory agencies and such that
it can be applied by inventory agencies around the world and by non-atmospheric
scientists. The tool features three main functionalities:

1. forward simulation: assessing the degree of consistency of atmospheric
observations with a given (a priori) emission scenario

2. inversion: inferring a (a posteriori) flux scenario that is (in a statistical sense)
consistent with the a priori scenario and the atmospheric observations

3. uncertainty propagation: provision of uncertainty ranges for the inferred a
posteriori flux scenario.

The tool operates on a global domain with a zoom over a target region of interest, e.g.,
Central Europe, resolving in particular Germany, Switzerland, and the Netherlands. To
increase its computational efficiency, it uses pre-computed response functions that
quantify the sensitivity of the simulated atmospheric concentration at the measurement
station to emissions from anywhere on the globe. To simplify its use, the FIT-IC provides
a web frontend based on a Jupyter notebook with an intuitive graphical user interface.
Figure 4.2 displays a typical use case for performing forward simulations, and Figure 4.3
for performing an inversion. Note that the output data can be downloaded as a csv file,
and all figures can be interactively manipulated and saved as png files.
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Introduction
You are running a fast demo configuration of the Flexible Inversion Tool for Inventory Compilers (FIT-IC) with a focus on central Europe and for January 2021.

This demo allows you
« to select preconfigured emission scenarios (marked in orange below)
« to modify a preconfigured emission scenario (using the 'Duplicate scenario' button)
* to create own emission scenarios starting from scratch (using the 'Configure new scenario’ buttion)
» to upload a user prepared emission scenario (switch to the ‘upload emissions tab’)

and to perform
« a forward simulation based on the selected scenario(s) and compare the simulated atmospheric signal(s) to observed methane concentrations
« perform an atmospheric transport inversion using the selected scenario as prior emission field.

For further background on the tool see EIT-IC website,

Description of prior emission scenarios

Scenario Description

FIT-IC default emission scenario. Fossil, agriculture and waste are taken from EDGAR v8; wetlands, mineral sources and sinks from LPJ-GUESS (AVENGERS

Hefauk prior.emissions: seanario WP2); biofuels & biomass burning from GFAS; ocean, inland water, termites and geological sources taken from climatologies.

regional prior emissions scenario Scenario similar to default; anthropogenic, mineral, and wetland emissions over European domain taken regional datasets as prepared in AVENGERS WP2.

default prior emissions scenario without emissions

X similar to the default scenario but without emissions over the target domain (OE-18E, 42N-58N) covering Germany, Netherlands, and Switzerland
over target domain

default prior emissions scenario without emissions

similar to the default scenario but without emissions over domain around Germany (6€-15E, 47N-55N)
over Germany

default prior emissions scenario without emissions

over Northern America

similar to the default scenario but without emissions over Northern America (165W-55W, 25N-80N)

regional prior emissions scenario without
agriculture contribution over target domain

Scenario similar to regional, but without emissions from the agriculture sector over the European domain.

regional prior emissions scenario without fossil
contribution over target domain

Scenario similar to regional, but without emissions from the fossil sector over the European domain.

regional prior emissions scenario without waste
contribution over target domain

Scenario similar to regional, but without emissions from the waste sector over the European domain.

regional prior emissions scenario without
anthropogenic emissions in France

Scenario similar to regional, but without anthropogenic emissions in France.

regional prior emissions scenario without
i in

POy y

Scenario similar to regional, but without anthropogenic emissions in France.

regional prior emissions scenario without
i ions in

Scenario similar to regional, but without i issions in

POt

Select or configure prior emission scenario

Select scenario

[ regional priar emissions scenario without fossil contribution over target domain

v —-—

Show categories

Running a prior emission scenario

Configure new scenario

Resolution of Emission space (Please note that option ‘fixed patterns’ is not implemented yet)

Perform a forward simulation Perform an inversion
full grid
Results
Current site
(w207 B

2150 1

2100

2050 4

Latitude

® obs
— default

— reglonal-anthro-without-agricutture

=== regional-anthro-without-fossil
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Figure 4.2: An illustration of the FIT-IC GUI for performing forward simulations for a set of different emission scenarios.
In the top part, the user can either select an emission scenario from a list of pre-defined scenarios, configure an
emission scenario from a number of available sectoral emission fields, or upload their own emission scenario. Next,

the user can select to perform either a forward run or an inversion. The results section shows the time series of
measured CHs concentrations for the selected measurement station as well as the CH4 concentrations resulting from

each ofthe emission scenarios that were selected during the session (left). The figure on the right highlights the location

of the selected station.
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Results

Current site
[ cbw_207 v]

Fit statistics for all stations (emissions scenario: default) Target emission quantities [MtCH4] (default)

station Mean bias (prior) ~ Mean bias (post) ~ RMSE (prior) ~ RMSE (post) prior posterior posterior_uncertainty

cbw_207 49.24 3.01 64.86 17.94 target

hel_110 3717 0.37 53.98 16.73 global 157.053 180.346 9.493
hun_115 17.74 125 36.11 10.88 targetdomain 2572 2737 0373
jfi4 75 4.1 13.22 11.19 NLD 0223 0284 0118
puy_10 26.38 3.99 33.19 15.11 DEU 0882  0.967 0185
tac_185 31.63 0.28 46.4 235 CHE 0073 0103 0.041

toh_147 320 2.67 41.2 1318
Download Data (CSV)

Figure 5.3: An illustration of the FIT-IC GUI results section when performing an inversion including the calculation of
posterior uncertainties. It shows the time series of measured CH4 concentrations for the selected measurement
station as well as the a priori and a posteriori CH4 concentrations resulting from each of the emission scenarios that
were selected during the session (left). The figure on the right highlights the location of the selected station. The tables
at the bottom provide some statistics from the inversion as well as the emission values and their uncertainties.

4.3. Overview of open-source tools

Besides the two tools that are specifically aimed at inventory compilers and described in
more detail above, there exists a range of other publicly available open-source tools with
different levels of complexity and targeting different communities. A non-exhaustive list
including AVANTI-PYRES and FIT-IC is given in Table 4.1. While fluxie is also an analysis
tool like AVANTI-PYRES, it is rather aimed at atmospheric inversion experts for the
analysis of inversion output and intercomparison of emissions estimates from different
atmospheric inverse models. It assumes inversion output provided in a common output
format, a NetCDF standard for inverse model output agreed upon by the European
inversion community. Like FIT-IC, the Integrated Methane Inversion (IMl) is an open-
access tool for performing atmospheric inversions by non-experts. IMI runs on the
commercial Amazon Web Services and is set up to infer methane emissions from
satellite observations of atmospheric methane. Many of the commonly used inverse
modelling systems are openly available. Three examples are listed in Table 4.1 below: i)
LUMIA is a Python package employing a specific methodology (variational approach) to
solve the inverse problem, ii) the Community Inversion Framework (CIF), which is an
expert community tool that has different methodologies implemented for solving the
inversion, and iii) FLEXINVERT, which is a Bayesian inversion framework for regional or
globalinversions and also provides different methodologies for solving the inversion.
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Table 1.1: A selection of publicly available analysis and inversion tools.

Name Short description Requirements Access
AVANTI- The Avengers Analysis JUPYTER Notebook https://fileshare.icos-
PYRES Tool for Inventories in cp.eu/s/tFK8bt2gel9N
PYthon REcipeS (see FEm
section 4.2)
Fluxie Fluxie is an open-source JUPYTER Notebook https://github.com/op
project developing enghg/fluxie
Python-based scripts for
comparing emissions
estimates from
atmospheric inverse
models
FIT-IC The Flexible Inversion JUPYTER Notebook https://fit-ic.inversion-
Tool for Inventory with GUI support lab.com/
Compilers (see section
4.3)
IMI The Integrated Methane Python scripts with https://carboninversio
Inversion (IMl) is an open- | JUPYTER Notebook n.com
access cloud-computing | support
inversion tool designed
for non-expert users to
infer methane emissions
FLEXINVERT | An open-source Bayesian | Fortran compiler, https://flexinvert.nilu.n
inversion framework for NetCDF and LAPACK o/home/
atmos.pherlc inversions libraries https://git.nilu.no/flexo
on regional or global art/flexinvertplus/-
scales /releases/v1.0.0
LUMIA The Lund University Python scripts https://lumia.nateko.l
Modular Inversion u.se
Algorithm (LUMIA) is an
example of a Python
package for performing
atmospheric transport
inversions
CIF The Community Inversion | Python scripts http://community-

Framework (CIF) is an
open-source Python
package for expert users
estimating greenhouse
gas (GHG) and air-
pollutant surface fluxes
from atmospheric
observations

inversion.eu
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https://fileshare.icos-cp.eu/s/tFK8bt2qeJ9NFEm
https://github.com/openghg/fluxie
https://fit-ic.inversion-lab.com/
https://carboninversion.com/
https://flexinvert.nilu.no/home/
https://git.nilu.no/flexpart/flexinvertplus/-/releases/v1.0.0
https://lumia.nateko.lu.se/
http://community-inversion.eu/

5. Further reading

Topic

Link/Reference

A gentle introduction
to the fundamentals
of atmospheric
inverse modelling

Enting: Inverse Problems in Atmospheric Constituent Transport, 2002

For those who would
like to take a deep
dive into the math of
inverse problems

Tarantola: Inverse problem theory and methods for model parameter
estimation,https://www.geologie.ens.fr/~jolivet/Research_files/Tara

ntola.pdf, 2005

Rodgers: Inverse methods for atmospheric sounding: theory and
practice, 2000

Good practice
guidelines for
developing and
performing
atmospheric
inversions

Good Practice Guidelines for Atmospheric Inversions to Support
Greenhouse Gas Emission Reporting

Specialissue on data
assimilation in
carbon/biogeochemi
calcycles

https://acp.copernicus.org/articles/special_issue11_192.html

WMO good practice
guidelines for
estimating national
greenhouse gas
emissions using
atmospheric
measurements

https://library.wmo.int/records/item/69714-integrated-global-
greenhouse-gas-information-system-good-practice-guidance-for-
estimating-national-scale-greenhouse-gas-emissions-using-

atmospheric-observations

Copernicus CO,
Monitoring and
Verification Support

https://www.copernicus.eu/sites/default/files/2019-
09/CO2_Blue_report_2015.pdf

CoCO; Decision
Support Blueprint

https://coco2-project.eu/sites/default/files/2024-03/CoC0O2-D8.5-
M30-V0-5%20Decision%20Support%20Blueprint.pdf
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