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pdf

degree of freedom
probability density function

x ∈ RN
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R ∈ RS×S
Q
H
M
X −1
XT
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a state vector
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a model error covariance matrix
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pdf of a random variable x
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1

Introduction

Bayesian inverse modelling is a powerful method to make inferences about certain states
or parameters based on some observed data, which has been applied to real-life problems
in a wide range of scientific fields, including physics, meteorology and environmental
sciences, to name a few. The method is based on probability theories, and offers a
possibility to study highly ill-posed problems that involve non-linear systems with a
large number of states or parameters to be estimated.
The aim of the Bayesian inverse modelling is to estimate a probability density function
(pdf) of variables of interest conditional on the observations. There are two popular
algorithms to derive such estimates; variational methods that are based on numerical
iterations, and other methods that are based on filtering theory. One of the most used
filtering method is the Kalman filter (KF), which derives a maximum likelihood estimator of the pdf of our interest, first introduced by Rudolf E. Kalman (Kalman, 1960).
Although this gives the optimal estimate for linear systems, the linearity assumption
limits its application to real-life problems because they often involve non-linear systems.
In addition, KF is computationally demanding for high dimension systems where the
number of parameters is large.
One alternative to KF was introduced by Evensen (1994), which is a Monte Carlo
approximation for KF, called an ensemble Kalman filter (EnKF). In EnKF, the pdf
of interest is approximated with a limited number of random samples, reducing the
computational demand for high dimensional cases, and the assumption of linearity is
not required. The EnKF is therefore applicable in various real-life problems which
involve complicated non-linear systems, such as numerical weather prediction (Buehner
et al., 2016; Rabier, 2005; Lorenc, 2003), oceanography (Park and Kaneko, 2000; Echevin
et al., 2000; Keppenne and Rienecker, 2003) and atmospheric physics (Peters et al., 2005;
Bruhwiler et al., 2014). In addition, those applications are often very high dimensional,
on the global scale in the horizontal, vertical and temporal dimensions, where KF would
not be appropriate.
Estimation of greenhouse gas (GHG) budgets, which requires temporally evolving high
resolution estimates and involves non-linear climate systems, is not an exception here.
Historically, GHG fluxes have been estimated using process-based models, where the
fluxes are estimated based on biogeochemical and physical theories. Those processbased models and reported statistics based inventories have been useful in estimating
GHG fluxes from various source and sink processes. However, those process-based
models target certain types of processes, such as biogenic, anthropogenic and oceanic,
but do not take all processes into account to give the “whole picture”.
The Bayesian atmospheric GHG inverse models, on the other hand, aim to estimate
the budgets which are the aggregated burden from both sources and sinks. Although
9

inverse models have difficulties in giving detailed estimates for each processes, they have
the possibility to give more accurate total budgets, which are constrained by measured
atmospheric GHG concentrations. The inverse modelling of GHG budget based on the
variational method have been developed for various applications (Houweling et al., 1999,
2014; Bergamaschi et al., 2005, 2009; Bousquet et al., 2011). In addition, Bruhwiler et al.
(2005) developed a KF based system in an application for global carbon dioxide (CO2 )
budget estimates, which was further improved to an EnKF based system by Peters et al.
(2005) (called CarbonTracker). The CarbonTracker system is now developed for various
applications for regional and global GHG budget estimates (Peters et al., 2007, 2010;
van der Laan-Luijkx et al., 2015, 2017; Zhang et al., 2014), including methane (CH4 )
(Bruhwiler et al., 2014, and those presented in this thesis) and sulphur hexafluoride
(SF6 ) (van der Veen, 2013).
CH4 is the second most important greenhouse gas after CO2 , strongly influenced by
anthropogenic activities, such as fossil fuel use, agriculture, and landfills (Myhre et al.,
2013). In addition, natural sources, such as wetlands and peatlands, contribute significantly to the global and regional CH4 budget, with a strong temporal and spatial
variability (Myhre et al., 2013). Atmospheric CH4 concentrations have more than doubled since pre-industorial times, and continue to increase even today. In addition, the
mechanisms behind the atmospheric CH4 growth in the 21st century are still not fully
understood (Heimann, 2011), where recent studies point out that the anthropogenic
sources (Saunois et al., 2016a), biospheric sources (Dlugokencky et al., 2011; Schwietzke
et al., 2016) and sinks processes (Ghosh et al., 2015; Montzka et al., 2011) could all be
contributing.
In this thesis, an EnKF based data assimilation system, CarbonTracker Europe-CH4
(CTE-CH4 ), is further developed, and the method and applications of the system to
estimate regional and global CH4 budgets are presented. This development aims to
give further insight into the global and regional CH4 budgets for the the 21st century,
which would then increase understanding about the reasons for the recent-year atmospheric CH4 growth. The thesis specifically looked at CH4 emissions of the largest
contributors: anthropogenic and natural biospheric sources. The magnitude, spatial
distribution and interannual and seasonal variability of those sources still have high
uncertainty, especially on regional and country-scales. Therefore, the system was developed to give regional and grid-wise CH4 flux estimates, where the anthropogenic and
natural biospheric sources are optimised simultaneously.
In Paper I, the sensitivity of one site in northern Finland to regional CH4 budget was
examined, where the site was found to be essential for constraining regional biospheric
emissions. In Paper II, the global and regional CH4 budgets for 2000-2012 were examined in detail. The estimated emission trend suggested a possible increase in the
anthropogenic emissions from northern temperate and tropical regions after 2007. The
results were evaluated with various observations, including in-situ and aircraft CH4 ob10

servations, and satellite- and ground-based dry-air total column CH4 retrievals. The
evaluation showed a good performance of the model in general, but found that a faster
vertical mixing scheme in atmospheric transport model gives better agreement with
the observations than a slower vertical mixing scheme. In Paper III, the European
CH4 budgets were examined from an ensemble of seven inversion systems assimilating newly harmonised observational sets from Europe. The estimated total European
budget showed no strong trend, and the estimates were close to each other despite the
differences in the modelling systems. However, it was also shown that the estimates were
sensitive to atmospheric transport, and the differences in the background concentrations
could possibly explain part of the discrepancies. In Paper IV, a country-scale budget
for Finland, driven by grid-based inversion was evaluated. Although the country-scale
budget was still sensitive to the priors and observations assimilated, the example showed
that the model is applicable not only for estimating the global budget, but also for the
regional budgets.
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2
2.1

Bayesian inverse modelling
Bayes’ formula

Bayes’ formula is a fundamental tool in statistics and in Bayesian inverse modelling in
particular, where an unknown parameter θ or state x is inferred from observed data y.
The relation between those can be written as
y = H(θ, x) + ε,

(2.1)

where H is a measurement function (also called the observation operator) which transforms state space to observation space, and ε is an error term. In the case of state
estimation, our interest is a probability density function (pdf) of the variable x given
the observation y, p(x|y). From the Bayesian probability theory,
p(x|y) =

p(y|x)p(x)
,
p(y)

(2.2)

where p(x) is a pdf of the state of interest, and p(y) is a pdf of the observed data,
and p(y|x) is a conditional pdf of the observations given the state, called a likelihood
function. The conditional pdf p(x|y) is often called a posterior pdf, and p(x) a prior
pdf. Note that the words “posterior” and “prior” will refer to the pdf of the state to
be estimated, but also of “a priori” or “a posteriori” fluxes in this thesis. Note that the
interest in the optimization could also be the parameter θ, with a known model state
x, but this thesis will be devoted only to state optimization, where θ is omitted from
the equation (2.1).

2.2

Cost function

Let x ∈ RN be a vector in a state space. Typically, the pdf p(x) is written as
 1

p(x) ∝ exp − (x − xp )P −1 (x − xp ) ,
2

(2.3)

where P ∈ RN ×N is an error covariance matrix in the state space, and xp is a vector of
prior states. Similarly, let y ∈ RS be a vector in a observation space, and the conditional
pdf p(y|x) is typically written as
 1

p(y|x) ∝ exp − (y − H(x))R−1 (y − H(x)) ,
(2.4)
2
where R ∈ RS×S is an error covariance matrix in the observation space, H: RN →
RS converts the state space to the observation space. In many real-life applications,
12

the observation and the state spaces are often different. In the case of GHG flux
inversion, for example, the observations are atmospheric concentrations and the states
are fluxes.
From the Bayes’ theorem and probability theory of joint distribution, the posterior pdf
p(x|y) is proportional to the product of (2.3) and (2.4):
 1

p(x|y) ∝ p(y|x)p(x) ∝ exp − J (x) ,
2

(2.5)

where the cost function J (x) is:
J (x) = (x − xp )T P −1 (x − xp ) + (y − H(x))T R−1 (y − H(x)).

(2.6)

The equation assumes that all error terms are Gaussian. Note that the posterior pdf is
at its maximum when the cost function is minimised.

2.3

Kalman filter

Kalman filtering (KF; Kalman, 1960) provides an optimal least-square solution of the
cost function for linear operational cases. A general filtering formula consists of a pair
of equations for the states and observations:
(
xk = M(xk−1 ) + η, η ∼ N (0, Q)
(2.7)
yk = H(xk ) + ε, ε ∼ N (0, R),
where xk and yk are a state and observation vectors for a discrete time step k, M:
RN → RN is a dynamical model that describes evolution of the states in time, η and
ε are random errors of the states and observations respectively, Q ∈ RN ×N is the
background error covariance matrix, and R ∈ RS×S is a observation operator error
covariance matrix.
KF is a sequential data assimilation system that consists of two phases: prediction and
analysis (update). In the prediction phase, the posterior state and its covariance are
moved forward in time based on posterior states from a previous time step before new
observations are provided:
xpk = M xak−1
(2.8)
a
M T + Q,
Pkp = M Pk−1

dynamical model, xpk and
a
time k, xak−1 and Pk−1
are

where M is a linearlised
error covariance matrix at
covariance matrix at time k − 1.
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Pkp

(2.9)

are prior (p) states and its
posterior (a) states and its error

Once a set of observations are provided, the prior state and its covariance are updated
based on the prior states and covariance, provided from the prediction phase, using the
Kalman filtering formulae:
xak = xpk + Gk (y − H(xpk )),

Pka = (I − Gk H)Pkp .

(2.10)

Here I is an identity matrix, H is a linearised observation operator, and the matrix Gk
is called Kalman gain matrix:
Gk = Pkp H T (HPkp H T + R)−1 .

2.4

(2.11)

Ensemble Kalman filter

Problems of KF are a linearity assumption in the system and computational cost in
the systems with large number of unknowns. In many real-life applications, including
atmospheric inversions, the systems are often non-linear, and linearlisation of the dynamical model M and observation operator H may not be possible. In such systems,
the predicted state and covariance, and the Kalman gain matrix cannot be calculated
explicitly.
Let x = (x1 , ..., xL ) be a set of L random samples (ensemble) of the states, drawn from
a known pdf, e.g. N (0, 1). In ensemble Kalman filter (EnKF; Evensen, 1994, 2003), the
sample covariance P = XX T is calculated from the ensemble:
√
(2.12)
X = (x − x)/ L − 1,
where, x is a vector of the ensemble sample means. Based on the law of large numbers,
the sample covariance becomes the full
√ covariance as L → ∞, and the error due to
sampling decreases proportional to 1/ L. The larger the size of ensemble is, therefore,
the better the posterior error covariance is represented, and one should avoid using
too small ensemble sizes (van Leeuwen, 1999; Houtekamer and Mitchell, 1998). It is
often chosen considering the balance of the representation error and the computational
cost.
EnKF is useful for systems where state dimension is large because the computational
costs depends on ensemble size, rather than the number of parameters. In the global atmospheric inversion, the state dimension depends on horizontal (latitude and longitude)
resolution, and even at 1◦ ×1◦ resolution, the dimension of P becomes 64800 × 64800,
which makes the Kalman gain calculation computationally demanding even with today’s
computational resources.
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The prediction and analysis can then be calculated for each ensemble members independently, where the predicted states are represented based on the dynamical model:
xpl = M(xal ) + ηl ,

(2.13)

from which the matrix P p is formed. Due to the nature of EnKF, the variance of the
posterior ensemble decreases from the prior, and therefore, the randomisation by the
background error ηl plays an important role in avoiding the variance of the ensemble
to converge to unrealistically small values.
Various dynamical model M can be applied, but only a simple averaging for the mean
states is applied in this thesis following Peters et al. (2007) (see Section 4.1 for details).
A choice of dynamical model for the mean is rather straightforward, but not for the
covariance because problems such as under- or overestimation of the sample variance,
and severe decreases in the degree of freedom could easily occur. In those cases, an
additional method is required to inflate or deflate the sample deviation and to regain
a sufficient degree of freedom in the covariance matrix. In atmospheric inversion systems, constructing an appropriate dynamical model for sample covariance matrix can
be challenging, and this method is not applied in this thesis.
For the analysis phase, we need realisations of the observations H(xpl ) from the ensemble.
The analysis phase then becomes:
xal = xpl + G(y − H(xpl ) + εl ).

(2.14)

Here, it is important to treat the observations as random variables by adding the observation errors εl and generating randomised observations for each ensemble member
(Evensen, 2003).
In the model presented in this thesis, the states x to be optimised are scaling factors
for global CH4 flux fields, where “prior” knowledge of CH4 fluxes were obtained from
process-based models. The dimension of the state vector at single time t is not highdimensional for Papers I, II and III, as CH4 fluxes were optimised regionally. However,
for Papers IV, the dimension is increased substantially by optimising CH4 fluxes on
1◦ ×1◦ scale over Europe. The dynamical model M is close to the identity matrix I,
the observations y are the measurements of atmospheric CH4 concentrations, and the
observation operator H is a highly non-linear atmospheric chemistry transport model
(see Section 4 for detailed description).

2.5

Ensemble square root filter

One of the problems in the traditional EnKF is so called “inbreeding” problem, where
the same ensemble is used to calculate the Kalman gain and update the states. This
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creates a systematic underestimation in the analysis error covariance matrix P a and
leads to filter divergence, unless the observations for each ensemble member are treated
as random variables (Houtekamer and Mitchell, 1998; Burgers et al., 1998).
Whitaker and Hamill (2002) introduced an alternative filtering approach (the ensemble
square root filter; EnSRF), where the observation perturbation in (2.14) is not needed,
but the analysis error covariance is still properly estimated assuming that the observations are uncorrelated.
In EnSRF, the matrices HP H T and P H T needed for the Kalman gain calculation
(2.11) are represented from the ensembles (Whitaker and Hamill, 2002):
HP p H T ≈

1
(H(x01 ), ..., H(x0L )) · (H(x01 ), ..., H(x0L ))T
L−1

P pH T ≈

1
(x0 , ..., x0L ) · (H(x01 ), ..., H(x0L ))T ,
L−1 1

(2.15)
(2.16)

where x0l = xl − x are sample deviations.

While EnKF uses the same gain to update the mean states and the sample deviations,
EnSRF employs a scaled gain for the sample deviations. In EnSRF, the mean states are
updated in the same way as the traditional EnKF, i.e. the following equation (2.14),
and the sample deviations x0l are updated as:
a

p

p

x0 l = x0 l + G̃(y − H(x0 l )),

(2.17)

where the revised gain G̃ is
G̃ = αG
r
α=

1+

R
HP p H T + R

!−1
.

(2.18)

In EnSRF, each individual observations are processed sequentially one at a time, and
therefore, R and HP p H T are scalars and α is simply a constant.
Although this is an efficient algorithm, the calculation of H(x0 bl ) by reapplying the observation operator H is computationally expensive in atmospheric inversion. Therefore,
the modelled realisation of the observations yet to be assimilated H(xk )m is updated
following Peters et al. (2005). From the mean states,
H(xak )m = H(xpk )m + Hm G(yk − H(xpk ),

(2.19)

and from the deviations,
a

p

p

H(x0 k )m = H(x0 k )m + Hm G̃(H(x0 k ).
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(2.20)

Figure 1: Representation of fixed-lag filtering with a lag length of 5. The state vectors x(k),
x(k + 1) and x(k + 2) are joint state vectors at time k, k + 1 and k + 2, containing five state
vectors illustrated in boxes. State vectors in grey and light blue boxes are priors xp which are
used to calculate posterior states xa . The red posterior states are the final results, while the
yellow posterior states are inferred to next time step as priors illustrated in grey. The time
series shows states to be optimised (red line), and observation sets (dots). At time (k + 1), the
new observations at k + lag (green diamond) are assimilated, i.e. the observation sets up to the
final lag (green circles) have been assimilated.

2.6

Fixed-lag filtering

In the traditional KF, the states xk only depend on observations up to time k, i.e.
the posterior pdf to be estimated is p(xk |y1 , ..., yk ). However, it is known that the
smoothed estimates which take future observations into account are more accurate for
intermediate times (van Leeuwen and Evensen, 1996; Evensen and van Leeuwen, 2000;
Evensen, 2003). In this thesis, a fixed-lag filtering is applied following Peters et al.
(2005), where the state vector that contains future time steps is estimated.
Let y1:K = (y1 , ..., yK ) be all available observations and x1:K = (x1 , ..., xK ) be the
states to be optimised at discrete times k ∈ [1, K]. The prediction and analysis are
done based on equations (2.8) and (2.10), but the state vector to be optimised contains
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future states:
x(k) = xk:k+τ ,

(2.21)

where τ is called assimilation window or lag length and defines a length of time window
up to which the observations have influence over, and the observations used to update
are
(
yk:k+τ for k = 0
y(k) =
(2.22)
yk+τ for k > 0
Then, the state vector x(k +1) contains state vectors from time k +1, ..., k +1+τ , where
xk+1+τ is a new state, and others (xk+1 , ..., xk+τ ) are those inferred from the previous
time step. The analysis equation for k > 0 can be written as:

 

(xpk )τ
(xak )τ

 

..
p
..
(2.23)

=
 + Gk+τ (yk+τ − H(xk+τ )).
.
.
(xak+τ )1

(xpk+τ )1

The “intermediate” states (xak+1 )τ −1 , ..., (xak+τ )1 at time k+1, ..., k+τ are those updated
τ − 1, ..., 1 times (Fig. 1), respectively, but not the final result. For each state, updating
is done τ times, and therefore only (xak )τ is the final result at time (k). The prior state
(xpk+τ )1 is the first initial state, which is used to calculate the posterior state (xak+τ )1 .
The intermediate prior states are those inferred from previous time steps (Fig. 1),
i.e.

 

(xpk )τ
(xak )τ −1

 

..
..
(2.24)

=
.
.
.
(xpk+τ −1 )2

(xak+τ −1 )1

In another words, the posterior states (xak )τ −1 , ..., (xak+τ −1 )1 in x(k) is considered as
“prior” in x(k + 1). In this thesis, this approach is considered as filtering rather than
smoothing because the backward calculus, required for proper smoothing, is not applied.
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Figure 2: Global average surface atmospheric CH4 concentration and its growth rate. Data
source: https://www.esrl.noaa.gov/gmd/.

3

3.1

CH4 balance and atmospheric concentrations in the 21st
century
Atmospheric CH4

Methane (CH4 ) is an important greenhouse gas (GHG), which is directly influenced
by anthropogenic emissions and its atmospheric concentrations have increased substantially in recent centuries. The global mean atmospheric CH4 increased from about 700
ppb in pre-industrial times to 1843 ppb in 2016, and continues to increase even today. The effective radiative forcing of CH4 since pre-industrial times to 2016 is +0.507
± 0.05 W m−2 (update of Hofmann et al. (2006), https://www.esrl.noaa.gov/gmd/
aggi/aggi.html). The growth rate (GR) of atmospheric CH4 varies interannually due
to interannual variability in the CH4 fluxes and atmospheric sinks, but the highest
GR measured before the 21st century was 14.33 ppb yr−1 in 1991, while the lowest
was 2.25 ppb yr−1 in 1996 (NOAA: globally averaged marine surface annual mean,
https://www.esrl.noaa.gov/gmd/ccgg/trends ch4/) (Fig. 2).
One of the issues of interest about the 21st century atmospheric CH4 is its GR. Following
years of a steady period during 1999-2006, when the atmospheric CH4 stayed around
1771–1774 ppb, the atmospheric CH4 started to increase again in 2007 with a GR of
about 5 ppb yr−1 or even higher (Dlugokencky et al., 2011) (Fig. 2), suggesting that
a significant change has occurred in the global CH4 budget. The average GR during
2007-2016 was 7.08 ppb yr−1 , which is even higher than that of the 1990s (6.34 ppb
yr−1 ). The mechanisms behind this growth are still not sufficiently explained, and
various potential reasons have been discussed (Heimann, 2011). Saunois et al. (2016a)
examined the GR from an ensemble of various process-based and inverse models, which
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showed a significant increase in the anthropogenic sources. Dlugokencky et al. (2011)
found that the increase in the atmospheric CH4 growth corresponds to a decrease in
13 δC-CH isotopic signals especially in the Tropics, suggesting a potential increase in
4
biogenic sources. Assuming fossil fuel based anthropogenic CH4 emissions to be smaller
than those estimated by earlier studies (Schwietzke et al., 2016), the increase could
potentially be caused by agricultural CH4 emissions (Saunois et al., 2016b). In addition,
a change in OH concentrations could also cause changes in atmospheric CH4 growth
(Ghosh et al., 2015; Dalsøren et al., 2016), and the OH concentrations were estimated
to have decreased after 2005 (Montzka et al., 2011).
CH4 is a reactive chemical compound, which is removed by the hydroxyl (OH) radical,
chlorine (Cl) and electronically excited atomic oxygen (O(1 D)) in the atmosphere.
CH4 + OH

CH3 + H2O

CH4 + Cl

CH3 + HCl

1

CH4 + O( D)

(3.1)

CH3 + OH

The CH4 removal due to chemical reaction with tropospheric OH is the largest CH4
sink, which is about 90% of the total sink. Other chemical reactions are small sinks,
but important in stratospheric chemistry. Due to these removals, emitted CH4 is estimated to stay in the troposphere only for about 9 years. The OH concentrations vary
seasonally, as OH is produced through photodissociation of ozone.
O3 + sunlight

O2 + O(1D)

O(1D) + H2O

2 OH

(3.2)

Therefore, the removal by OH is the highest during summers, in the upper troposphere
and the Tropics, where solar radiation is intense and water vapour concentrations are
high. On the other hand, the OH concentrations are low during winters, and lower in
the northern and southern high latitudes then in the Tropics.
The spatial distribution of atmospheric CH4 depends on several factors: emissions,
sinks and transport. Atmospheric CH4 is high in the troposphere where the surface
emissions of CH4 are transported to the atmosphere and mixed well, but much lower in
the stratosphere (Fig. 3(a)). The vertical distribution of the CH4 concentrations show
that CH4 decreases above the tropopause with a much faster rate than below it (Fig.
3(a)). In addition, the atmospheric CH4 is higher in the Northern Hemisphere (NH)
than in the Southern Hemisphere (SH) (Fig. 3(b)). This is mainly due to emission
distribution; most of the CH4 sources are located in the NH and the Tropics, and much
less in the SH. The seasonal cycle of the atmospheric CH4 shows high concentrations
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(a)

(b)

Figure 3: Atmospheric CH4 concentration distributions. (a) Vertical profile of zonal mean
atmospheric CH4 , and (b) Lower troposphere (lowest 5 levels, approximately >850 hPa) zonal
mean atmospheric CH4 over a year.

during winter and low concentrations in the summer, which is mainly driven by the
atmospheric sink (Fig. 3(b)).

3.2

Global and regional CH4 budgets

Average annual global CH4 emission for 2000–2012 is assumed to be about 526–582
Tg CH4 yr−1 based on an ensemble of several inverse models (Saunois et al., 2016a;
Kirschke et al., 2013). The largest source of CH4 is anthropogenic emissions, such as
fugitive emissions from solid fuels, leaks from gas extraction and distribution, agriculture, landfills and waste water management, which in total account for more than half
of the global total emissions (Saunois et al., 2016a; Kirschke et al., 2013; Ciais et al.,
2013). The anthropogenic emissions have an increasing trend that is closely related to
economical and population growth. Although the seasonal cycle of global anthropogenic
emissions is assumed to be small, the emissions from agriculture, especially from rice
cultivation, have a strong seasonal cycle depending on the rice growing seasons. The
emissions from oil and gas could also have seasonal cycles e.g. in northern countries,
where emissions from heating are possibly high during winter. The spatial pattern or
regional budgets therefore differ between continents and countries (Fig. 5), and also
depends on the policies applied and available energy sources.
The second largest source is natural biospheric emissions from wetlands and peatlands,
which accounts for about 30% of global total emissions (Saunois et al., 2016a; Kirschke
et al., 2013). The natural biospheric GHG emissions are very sensitive to climate con21

Figure 4: Sources (red) and sinks (blue) of CH4 . The width of the arrows approximately illustrates the relative magnitude of the fluxes (filled) and their uncertainty (non-filled). a) solid
fuels, oil and gas extraction and distribution b) landfills and waste management c) agriculture d)
termites e) wetlands, peatlands and fresh water f ) permafrost and CH4 hydrates g) open ocean h)
natural geological i) biomass burning j) forests and dry mineral soils k) atmospheric chemistry.

ditions, and therefore, it is important to understand the feedbacks and interactions
of those ecosystems with atmosphere (Heimann and Reichstein, 2008). In the natural
biogenic ecosystems, CH4 is produced as a result of micro organic (methanogen) respiration. In anaerobic conditions, methanogens use oxygen to grow, and produce CH4 as
a result (methanogenesis). This process also applies to biogenic anthropogenic sources,
such as those from rice paddies, livestock herbivores (cows, sheep, deer, etc) and waste
treatment, where methanogens are active in paddy sediments, digestive systems and
waste matter. In addition, special methanogens live in termites. The CH4 emissions
from termites are not significantly large in the global budget (about 5-10%), but are
important for the regional budget (Jamali et al., 2013; Khalil et al., 1990; Jamali et al.,
2011). In wetlands and peatlands, CH4 is produced in the soil sediments, and emitted
mainly by diffusion through the surface water layer, ebullition from the soil layer, and
transport through the aerenchyma in plant stems. The natural biospheric CH4 emissions
from wetlands and peatlands are highly sensitive to water table depth, precipitation and
soil temperature which affect the activity level of methanogens. In general, the higher
the soil temperature is, the more CH4 is emitted. This creates a clear seasonal cycle
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Figure 5: Global CH4 emission distributions of prior anthropogenic (top), and prior natural
(wetlands and peatlands, fire, termites and ocean) (bottom) sources from CTE-CH4 in the unit
of [10−8 mol m−2 s−1 ].

in the natural biospheric emission that is high during summer and low in winter. In
addition, the hydrology such as the water table depth and soil moisture also affect the
seasonal cycle in methane emissions. However, not only the meteorological conditions,
but also the soil properties such as amount of nutrients and carbon, and vegetation
types also influence the situation on, and therefore, the actual seasonal cycle and its
amplitude have a high interannual and spatial variability. A large area of wetlands is
located in the Tropics and there are peatlands in the northern Boreal regions (Fig. 5).
Peatlands are assumed to store about one fifth of global terrestrial carbon (Ciais et al.,
2013), which could possibly expand with global warming (Walter et al., 2006; McGuire
et al., 2012; Johansson et al., 2006).
Other than wetlands and peatlands, similar micro organic processes also occur in lake
bottoms. Although the magnitude of contribution from inland water emissions is still
uncertain, they could have a significant contribution globally and especially in the northern high latitudes (Thonat et al., 2017; Walter et al., 2006), where about 40% of the
total area of inland waters is located. In addition, the upland mineral soils and forests
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contribute to natural biospheric CH4 budget, where in general wet mineral soils are
often a net source of CH4 , and dry soils and forests are a net sink (Yavitt et al., 1990;
Guckland et al., 2009; Dutaur and Verchot, 2007; Lohila et al., 2016). In dry soils, the
methanogenesis is often exceeded by oxidation in methanotrophy (microbial consumption), where a significant percentage of the CH4 produced in soils and sediments could
be consumed (Conrad, 1996).
Other natural sources, such as natural biomass burning and geological sources are minor
sources of the global CH4 budget, but are significant in regional and seasonal budgets.
The natural biomass burning occurs in ecosystems such as forests, savannas, grasslands
and peatland during dry seasons. The emissions are therefore high during summer
around the Tropics, where large areas of forests and savannas are located, but contributions are also made by temperate and boreal forests. The CH4 emissions from forest
fires have significant interannual variability, and the annual CH4 emission varies from 11
to 20 Tg CH4 yr−1 (during 2000-2014; Giglio et al., 2013). Natural geological sources,
such as volcanic eruptions, can occasionally be significant sources of CH4 . The emission source is often local, but the emitted CH4 spreads regionally and globally in the
atmosphere though specific transport patterns, that affect the atmospheric CH4 levels
in the short (hours) and long (several years) term. For example, the Mount Pinatubo
eruption in 1991 resulted in an increase in CH4 GR shortly after the event, but the
long-term effect was a decrease in the GR due to depletion of the stratospheric ozone
(Bândă et al., 2013).
Unlike CO2 , the ocean is a minor contributor to the CH4 budget because CH4 emitted
from the sea sediments is mostly oxidised before it reaches the atmosphere. However,
the Arctic ocean could become a larger source of CH4 , as significant amounts of CH4
hydrates are located in the sea sediments (Kvenvolden, 1988). CH4 emissions from
the Arctic sea are sensitive to climate change because the increase in the Arctic sea
temperature could directly affect destabilisation of the CH4 hydrates (Biastoch et al.,
2011) and the extent of sea-ice. As the Arctic ocean is shallower than other open
oceans, the oxidative water depth is shallow, and the CH4 release from the hydrates
due to warming could directly affect the CH4 emissions to the atmosphere. The extent
of sea-ice is decreasing due to global warming, which could also release CH4 that would
otherwise be trapped in the ice (Kort et al., 2012).

3.3

Modelling of CH4 budget

Modelling is necessary in order to understand global or regional CH4 budgets, as spatial
coverage of direct flux measurements is limited. The global and regional budgets can be
estimated by various models that can mainly be put into two categories: inventories or
process-based models that derive flux estimates based on process-related theories of each
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source, and data-driven atmospheric inverse models that infer emission estimates from
atmospheric concentration observations. Although this thesis focuses on the inverse
models, the estimates from inventories and process-based models are often used as prior
fluxes in the inverse models, and therefore, it is important to understand the basic
mechanisms in both models.
For the estimation of anthropogenic emissions, information such as regional statistics
from counties, states and municipalities, together with population and other known
spatial distributions can be used. The country statistics such as fossil fuels, gas and
oil production and use, amount of landfill and waste water, and livestock population
are often used as emission scaling factors to convert each metric to amounts of GHG
emissions. The country GHG emission statistics are then reported to the United Nations
Framework Convention on Climate Change (UNFCCC), for example. The country
statistics can be distributed with some suitable information on spatial distribution to
derive grid-based estimates. For example, the landfill and waste water distribution
can be derived using population distribution and information about the location of
treatment plants. The livestock statistics can be distributed with the animal density
map or agriculture distribution map. Although information from developed countries
is often reliable, the information from developing countries is often missing or has high
uncertainty.
The process-based models are useful in estimating natural emissions. Information on
meteorological and climate conditions, soil and vegetation types and conditions, and
their distributions are used to estimate CH4 emissions by modelling biogeochemical
processes and transport in the soil and water layers. It is important to note that the
regional estimates from process-based models could differ significantly between models
(Bohn et al., 2015). One important factor that affects the CH4 emission estimates is the
extent of wetlands and peatlands. Those models use either prescribed or dynamically
estimated distribution of those extents, which are used to scale the emission in each
grid cell.
A simple way of estimating ocean emissions is by calculating the product of gas transfer
velocity, gas solubility and pressure differences in the sea and atmosphere. Although
the spatial distribution of ocean emissions is not accurately known, its contribution to
total global budget is small that it will not bring significant additional uncertainty in
global estimates.
However, the process-based models are not designed to have a closed global budget.
Because their interest is only in a part of the emission sources or sinks, the other
sources and sinks that contribute to the global budget are not considered. Therefore,
this can create a large range of the emission estimates (Saunois et al., 2016a), which
could be unrealistic when associated with other source information, i.e. the estimated
atmospheric CH4 concentrations from those emissions may not agree with the observed
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levels.
Here, the atmospheric inverse models become useful. Although they cannot estimate
processes separately as in the process-based models, the inverse models can take several
sources and sinks into account at once. This results in global budget that is better closed,
where the range of estimates between the models are smaller than those estimated from
process-based models (Saunois et al., 2016a; Kirschke et al., 2013). Atmospheric inverse
models often use estimates from inventories and process-based models and constrain
total budget using atmospheric concentration measurements. The information such as
spatial distribution, seasonal cycle, interannual variability, trend, and the magnitude of
the emission from the inventories and process-based model could be provided to inverse
models. The mathematics behind the inverse models is based on Bayesian probability
theory, as explained in Section 2.1–2.2. A traditional way of solving the cost function is
called the variational method (e.g. 4DVAR; Houweling et al., 1999, 2014; Bergamaschi
et al., 2005, 2009; Bousquet et al., 2011), where the derivative of the cost function is
calculated based on the numerical minimisation method. Another method is statistical
filtering (Peters et al., 2005; Bruhwiler et al., 2005, 2014; Chen and Prinn, 2006), which
is applied in this thesis (Section 2.3–2.4), where the maximum estimator of the cost function is estimated based on probability theories. Both methods have been found to derive
similar flux estimates, although temporal correlation was better resolved in 4DVAR and
computational efficiency was better in the EnFK-based model (Babenhauserheide et al.,
2015).
In the inverse models, the choices of optimization resolution (temporal and horizontal),
prior state covariance, observation error covariance, ensemble size in the ensemble filtering, all affect the results (Peters et al., 2005; Babenhauserheide et al., 2015). Furthermore, the inputs such as prior fluxes and the observations affect the results (Houweling
et al., 2014). Although inversions should ideally give the same emission estimates regardless of the prior fluxes, the results are still affected by the choice especially in regions
where observation constrains are not enough (Bergamaschi et al., 2005). Although high
optimization resolution often helps to better close the budget and to resolve spatial distributions (Bergamaschi et al., 2015), the prior flux estimates are especially important in
regions where observation constraints are weak. In addition, their spatial distributions
directly affect the results in regional-based optimization.
Since it is important to produce realistic atmospheric CH4 at observed times and places,
atmospheric inverse models are often associated with atmospheric transport models
(ATMs), which are used as the observation operator H. The ATM calculates atmospheric states and gas concentrations based on physical theories, constrained by meteorological inputs. The atmospheric sink is often taken into account through ATMs in
the inverse models by either using prescribed removal rate, or calculating the removal
rate dynamically. Note that despite its importance, the spatial distribution and interannual variation of the atmospheric sink have high uncertainties. There exits a variety
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of ATMs, and the inversion estimates can vary up to 150% in the regional level by
using different ATMs (Locatelli et al., 2013). The differences are associated with model
parameterisation, horizontal, vertical and temporal resolution, and meteorological constraints.
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4

CarbonTracker Europe-CH4

CarbonTracker Europe-CH4 (CTE-CH4 ) is the main inverse modelling tool used in
Paper I, II and IV, and it contributed to the model comparison study in Paper III.
The model is based on ensemble Kalman fixed-lag filtering, developed to make inference
over global and regional CH4 budgets by assimilating atmospheric CH4 concentration
observations.

4.1

State optimization in CTE-CH4

In CTE-CH4 , the state to be optimised x is a scaling factor for first guess (prior) flux
estimates F p :
f (x, F p ) = x × F p ,
(4.1)
and the cost function (2.6) becomes:
J(x) = (x − x0 )T P −1 (x − x0 ) + (y − H(f (x, F p )))T R−1 (y − H(f (x, F p )))),

(4.2)

where y is a set of atmospheric CH4 observations, the observation operator H is an
ATM which transforms the flux estimates to the observation space. CTE-CH4 is also a
time evolving model, where CH4 fluxes are optimised sequentially at weekly resolution,
with a lag of 5 weeks as the default (see Section 4.1.1 for the sensitivity to lag length).
Note that although scaling factors x are the states to be optimized, we discuss the
actual fluxes, i.e. f (x, F p ), in terms of CH4 emissions.
As discussed in Section 3.3, large uncertainty in CH4 flux estimates is associated with to
two major sources: anthropogenic and natural. Those source distributions and temporal
variability are challenging to understand accurately due to limited coverage of observations and information. CTE-CH4 is therefore designed to optimise the two sources
simultaneously. Since spatial distribution of the two sources can be found from inventories and process-based models, the two sources were optimised region-wise based on
modified TransCom regions (mTC) and a terrestrial land-ecosystem type (LET) map
(e.g. Fig. 3 and 4 in Paper I). The original TransCom regions consist of terrestrial
and ocean regions used in the TransCom project (http://transcom.project.asu.edu/).
The LET region in CTE-CH4 is first defined based on soil types used in process-based
models. The LET soil type definitions include e.g. peatland, land with mineral soil and
inundated land (wetland). The LET also contains “anthropogenic” land, such as cities
and rice fields. In the case of Paper II, the number of mTCs (NmTC ) is 20 and the
number of LET (NLET ) is 5, and the total number of optimization regions in theory
is Nall = NmTC × NLET = 100. However, the actual number of optimization regions
was Nall = 62 because not all mTCs contained all LETs. This region-wise optimization
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generally works, but as shown in Paper III, the spatial distribution very much depends on the prior estimates, and may not be able to resolve the emission distribution
well. Therefore, in Paper IV, Europe was further divided into grid-based optimization regions. Paper IV showed that the grid-based inversion works well for regions
where the observation network is dense. The state vector in CTE-CH4 then becomes
x = (xanth , xbio ), where
p
p
a
Ftotal
(k, r) = xaanth (k, r) × Fanth
(k, r) + xabio (k, r) × Fbio
(k, r)
p
p
p
+ Ffire
(k, r) + Ftermites
(k, r) + Focean
(k, r).

(4.3)

Here, x(k, r) denotes a scaling factor at time (week) k and region (or grid) r for anthropogenic (anth) and biospheric (bio) emissions, F a is optimised regional (or grid)
total emissions, and F p is the prior emission estimated from inventories and process
models.
CTE-CH4 applies a simple dynamical model for the mean states following Peters et al.
(2007) by taking averages of previously updated states:
xpk = (xak−1 + xak−2 + I)/3.0,

for t ≤ 2.

(4.4)

The identity matrix I is added to regularise the prior around 1, such that if no information is obtained from the observations, the scaling factor equals one and thus the flux
remains as the prior. Note that this dynamical model is not applied to the ensemble
deviations, and new deviations are randomly drawn at each time step (2.13).
The ensemble of the prior deviations x0 pk is drawn from a normal distribution, N (0, Q).
The matrix Q is a background error covariance matrix that defines prior state variance
and spatial correlation between the optimization regions. Note that in EnKF, the prior
error covariance P p is built from the ensemble of the samples xpk = xpk + x0 pk .

Q=


Qanth
0
,
0
Qbio

(4.5)

where Qanth and Qbio are the covariance matrices for anthropogenic and biospheric
emissions, respectively, and those emissions are assumed to be uncorrelated in space.
The diagonals of Q represent variance, and the off-diagonals representing spatial correlation between optimization regions are defined based on the great circle distance dr1 ,r2
between the two regions (r1 , r2 ):
qr1 ,r2 = qr1 × exp(−dr1 ,r2 /Λ),

(4.6)

where qr1 is a diagonal element (prior uncertainty) for region r1 , and Λ is a pre-defined
spatial correlation length. The correlation length Λ could be chosen based on the
horizontal resolution of the atmospheric transport model, and the distances between
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observations. In CTE-CH4 , where the coarsest horizontal resolution in TM5 ATM
is 6◦ ×4◦ , the correlation length is chosen to be 500 km over land, and 900 km over
ocean (distance between two centres of TM5 grids at the Equator is approximately
670 km). However, as discussed in Paper IV, a shorter correlation length would be
more appropriate for grid-based inversions with a dense observation network because
too long correlation length makes it difficult to resolve local fluxes from the multiple
observations.
The definition of the background error covariance matrix Q is somewhat arbitrary and
subjective, and those used in the papers presented in this thesis differ slightly in each
study. In Paper II, the effect of the covariance matrix is briefly studied by comparing
results using a diagonal matrix and another matrix including off-diagonals. As shown in
Paper II the structure of the prior covariance does not affect the mean estimates much,
but the uncertainty estimates are significantly reduced when an informative covariance
matrix with off-diagonals is used. This is also shown in Paper IV, where Qanth is
assumed to be a diagonal matrix and Qbio contains off-diagonal elements. There, the
resulting uncertainty reduction (1 − (σ posterior )2 /(σ prior )2 , i.e. a relative variance reduction from prior to posterior) is much higher in biospheric emission estimates.
An important development in this study was the ability to differentiate scaling factors
for anthropogenic and natural sources through inverse modelling. The atmospheric CH4
observations capture joint CH4 signals from all sources and sinks. Although trajectories
can differentiate major source signals captured in each observations, it is not possible to
distinguish between all signals separately in the observations. In CTE-CH4 , the scaling
factors for anthropogenic and natural sources are separated by optimization regions.
One approach is to optimise either anthropogenic or biospheric fluxes per optimization
region (A1). Here, anthropogenic emissions are optimised if the LET is e.g. either
anthropogenic, rice, water, or ocean, and biospheric fluxes are optimised elsewhere.
Another approach is to optimise both sources per region (A2), employed in part of
Papers II and IV. In this approach, two different maps were used for anthropogenic
and biospheric emissions. Here, it is important not to use exactly the same map for
both sources, in order not to introduce additional ill-posedness in the system. In Paper
II, inversions using both approaches were compared, which showed an improvement in
agreement with the observations using approach A2. However, it was also shown that
the flux estimates may be influenced too strongly by the observations, resulting in
unrealistic interannual variability in some regional flux estimates. Therefore, in Paper
IV, a combination of the two approaches were used: A2 is applied over Europe, which is
our focus region that has a dense observation network with high quality measurements,
and A1 elsewhere globally.
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(a)

(b)

Figure 6: Performance of CTE-CH4 . (a) degrees of freedom in covariance matrix using different
ensemble sizes. (b) flux estimates with ensemble size of 20 (E20) and 500 (E500) using different
random samples.

4.1.1

Ensemble size and lag length

The ensemble size is an important factor in EnKF when it comes to stabilising the
results. As studied in Paper II, using small ensemble size that only gives few degrees
of freedom (d.o.f.) in the optimization may misrepresent the posterior distribution, and
the optimised results become sensitive to the random samples.
InP
CTE-CH
 4 , the d.o.f.,
P
K
2/
2 , successfully
calculated from the singular values vi of matrix X a , ( K
v
)
v
i=1 i
i=1 i
increased towards an equilibrium, and around 250 or larger would be a sufficient size of
ensemble (Fig. 6). Note that an informative covariance including off-diagonals is used,
and therefore, the d.o.f. is smaller than the state vector length (number of optimization
regions). The weekly emissions also show that the estimates are more stable with
larger ensemble sizes (Fig. 6). Paper II showed that using large enough ensemble size
is especially important in regions with sparse observation networks. Based on these
analysis, CTE-CH4 uses 500 ensemble members as the default.
The lag length can be chosen based on physical parameters, such as the trajectories
of atmospheric CH4 between the observational sites. From the previous studies, e.g.
Bergamaschi et al. (2005) and Bruhwiler et al. (2014), where the same transport model
is used, the lag length of 5 weeks is found to be appropriate in most of the cases.
However, as shown in Babenhauserheide et al. (2015), longer a lag length would be more
appropriate for the Tropics, where the observation network is sparse, and southern high
latitudes, where local sources are low and need longer transport time for the source
signals to reach the observation locations. In Paper II, the effect of lag length was
studied by using 5 and 12 weeks, but due to the short study period (half a year), the
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effect was not clear.

4.2

Atmospheric transport model

In many atmospheric inverse models, an atmospheric chemistry transport model (ACTM)
is used as an observation operator in the cost function (2.6), which links the flux estimates to atmospheric concentration observations. In CTE-CH4 , the TM5 global ACTM
is employed (Krol et al., 2005). TM5 is an off-line Euclidean model, where the atmospheric GHG concentration is calculated for each grid box, conserving the atmospheric
mass. The off-line mode uses meteorological constrains from pre-calculated 3-hourly
ECMWF ERA-Interim meteorological fields.
TM5 has the ability to zoom over a part of the globe, and CTE-CH4 uses a 1◦ ×1◦
zoom over Europe (21◦ W–45◦ E, 24◦ N–74◦ N), framed by an 3◦ ×2◦ inter-mediate region
(36◦ W–54◦ E, 2◦ N–82◦ N), and 6◦ ×4◦ globally. The spatial resolution of the ACTM is
independent of model states, i.e. it is mathematically possible to estimate fluxes in
smaller spatial resolutions than that of the ACTM. However, the spatial resolution is
important in resolving atmospheric states well, and therefore, the flux optimization
resolution is often chosen based on that of ACTM. In Paper IV, 1◦ ×1◦ grid-based
optimization is applied over Europe, which is the smallest optimization resolution in
CTE-CH4 . For the vertical resolution, 25 layers were used, where there are 19-20
layers in the troposphere and 5-6 in the stratosphere. Although stratospheric CH4 has
less importance than that of the troposphere in resolving atmospheric CH4 at surface
observational sites, overestimation of the stratospheric CH4 in the model was found
when the vertical profiles were compared against aircraft observations, especially in the
estimates using the G2000 convection scheme (Paper II, Fig. 4). However, increasing
the vertical resolution can improve the vertical profile in the stratosphere.
The parameterisation of convection is important in resolving inter-hemispheric exchange. The two convection schemes in TM5 are examined in Paper II by applying
Tiedtke (1989) (hereafter T1989) and Gregory et al. (2000) (hereafter G2000) convection
schemes. The two versions differ mainly in vertical mixing in the troposphere, where
G2000 produces a faster mixing compared to T1989. Therefore, atmospheric CH4 at
the surface using G2000 is smaller in the Northern Hemisphere, and inter hemispheric
exchange times are faster than using the T1989 scheme. Paper II showed that the
dry air total column-averaged CH4 mole fractions (XCH4 ) better matched the satellite
and ground based retrievals when the G2000 scheme with the faster vertical mixing was
used. The XCH4 seasonal cycle, especially around the Tropics, showed two peaks, one
of which was only captured in the inversions using the G2000 scheme.
The atmospheric sink of CH4 due to oxidation by OH, Cl and O(1 D) is taken into
account in TM5. The reaction rate coefficient κ of each compound j is calculated based
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on the Arrhenius equation:
κj = A × exp(−βj /RT ),

(4.7)

where A is a pre-exponential factor, ζj is the Activation energy [J mol−1 ] of the compound j, R is the universal gas constant [J K−1 mol−1 ], and T is the absolute air
temperature [K]. The reaction rate between two compounds j and j 0 is
λj,j 0 = κ[Cj ][Cj 0 ],

(4.8)

where [Cj ] is atmospheric concentration of a compound j. The total removal rate λtotal
for CH4 then becomes
λtotal = λOH,CH4 + λCl,CH4 + λO(1 D),CH4
= (κOH [COH ] + κCl [CCl ] + κO(1 D) [CO(1 D) ])[CCH4 ].

(4.9)

In TM5, the monthly atmospheric OH concentration distribution, [COH ], is estimated
from methyl chloroform (Huijnen et al., 2010; Brühl and Crutzen, 1993)), and precalculated reaction rates with Cl and O(1 D), are derived from a 2D photochemical MaxPlanck-Institute (MPI) model (Bergamaschi et al., 2005). The interannual variability
of atmospheric sink is not taken into account, or optimised by CTE-CH4 . However,
as discussed in Paper II, changes in OH concentration could be one reason for the
flattening of atmospheric CH4 growth during 1999-2006 and the subsequent growth
thereafter. Therefore, the increasing rate in CTE-CH4 emission estimates could be
overestimated.

4.3

Prior fluxes

In this context, prior refer to first guess estimates of CH4 fluxes F p , rather than prior
states (scaling factors) to be optimised. In CTE-CH4 , fluxes from five sources are taken
into account: anthropogenic, biospheric (e.g. wetlands and peatlands), fire, termites and
p
ocean (see also Section 4.1). For the annual prior anthropogenic emissions, Fanth
, the estimates from EDGAR v4.2 FT2010 inventory (edgar.jrc.ec.europa.eu/overview.php?v=
42FT2010) were used. The inventory accounts for emissions from energy manufacturing
and transportation, residential emissions, road transportation, non-road transportation
such as ships and aircraft, fugitive from solid, oil and gas production and distribution,
agriculture (enteric fermentation, manure management, and agricultural soils), landfills (solid waste disposal and waste water). Among those, the emission from fugitive,
oil and gas, and agriculture are the major sources, accounting for about 70% of total
anthropogenic emissions. The inventory uses national statistics, mainly from UNFCC,
which are distributed spatially according to e.g. population distribution and livestock
distribution.
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p
For the monthly prior natural biospheric emissions, Fbio
, the flux estimates from several
process-based models were used to account for sources from wetlands, peatlands and
mineral soils, and the small sink to dry soils. In Paper I, the estimates from LPJGUESS-WHyMe (LPJG-WHyMe) (Smith et al., 2001; Wania et al., 2009; McGuire
et al., 2012), were used, where a possible overestimation in the estimate over Eurasian
boreal region was found. In Papers II and III, the estimates from LPX-Bern v1.0
(Spahni et al., 2013) were used. Paper II showed that the global total was well in
line with inversion estimates, but suggested redistribution of the emissions by reducing
estimates over the northern high latitudes, and increasing over the Tropics. In addition,
Paper III showed a possible overestimation in the seasonal amplitude of the LPJGWHyMe and LPX-Bern v1.0 estimates, where inversion estimates using CTE-CH4 and
other models showed smaller amplitudes. In Paper IV, LPX-Bern DYPTOP (Stocker
et al., 2014) estimates were used in addition to LPJG-WHyMe and LPX-Bern v1.0
estimates. The comparison showed that the differences in wetland and peatland extent
and parameterisation of dependencies to climate drivers result in significant differences
in their regional flux estimates. Not only the magnitude, but also interannual variability
and seasonal cycle differed significantly between the process-based models (Paper IV,
Fig. 4).
p
For the monthly prior fluxes for large-scale fire (Ffire
), including biomass burning,
the estimates from Global Fire Emissions Database (GFED; Randerson et al., 2012;
van der Werf et al., 2010; Giglio et al., 2013) were used. The data accounts for natural fire emissions from savanna, grassland, shrubland, boreal forest, temperate forest and peatland. In addition, anthropogenic biomass burning emissions from deforestation, degradation and agricultural waste are taken into account. The fire emissions were estimated using source-specific burned area distribution maps and modelled
p
source-specific processes. For annual termites emissions (Ftermite
), estimates from Ito
and Inatomi (2012) were used, where the termite emissions were estimated based on
biome-specific termite biomass density and emission factors from Fraser et al. (1986),
with the interannual variability introduced using a historical land cover map (Hurtt
p
et al., 2006). Monthly ocean prior fluxes (Focean
) were estimated based on ECMWF
ERA-Interim meteorology, zonally averaged saturation ratios from Bates et al. (1996),
and the zonal monthly mean dry-air CH4 mixing ratios from GLOBALVIEW-CH4
(www.esrl.noaa.gov/gmd/ccgg/globalview/ch4/ch4 intro.html) (Paper I).

For all the prior fluxes, the spatial distribution is unified to 1◦ ×1◦ resolution to match
TM5 resolution, and the last available yearly estimates were used for extensive years.
For example, the EDGAR inventory has data up to 2010, and the 2010 data was used
for 2011-2014 in Paper IV.

34

4.4

Atmospheric concentration observations

The global atmospheric CH4 concentration observations made by NOAA/ESRL and
other global networks and institutions were collected mainly from the World Data Centre
for Greenhouse Gas (WDCGG; http://ds.data.jma.go.jp/gmd/wdcgg/). The observation set contains measurements from discrete and continuous air samples. The discrete
air samples are collected approximately once a week, and the reported continuous measurements are averaged to hourly resolution. The observations were filtered according
to each contributor’s flags before assimilation. Observations having high measurement
errors or those strongly influenced by local sources were filtered out. In addition, hourly
values were further averaged to daily using values from 12:00–16:00 local time (LT). Exceptions were high altitude sites, where day time observations are often influenced by
convection from e.g. a foot of a mountain. For those sites, well-mixed air is better
captured during night, and therefore, daily means were calculated from 00:00–04:00
LT values. The daily averages were used because the atmospheric transport model
uncertainty for daily averages are lower than for the hourly values.
The observation uncertainty was assumed independent in space and time, and the variance (diagonals of matrix R) was estimated based on site location. Note that the observation uncertainty is an aggregated uncertainty of measurement and transport model
errors. The transport model errors are often larger than the measurement errors, and it
is estimated for each site by running the ACTM in the forward mode. The differences
between model and observed values (detrended residuals) could be used to determine
the transport model error, separated from emission uncertainty. The observation error
for CTE-CH4 is mainly based on the previous study by Bruhwiler et al. (2014) who
used a similar inversion system and ACTM. The observational sites were categorised
into 5-6 types, where observation uncertainty varied from 4.5 ppb to 75 ppb. This observation uncertainties are aggregated values of measurement errors and the transport
model errors.
Several sets of observations were examined using CTE-CH4 . In Paper I, NOAA/ESRL
global observations were assimilated, and the significance of the Pallas observations was
examined by comparing estimates with and without the Pallas observations. The study
showed the significance of the Pallas observations, which resulted in smaller regional
mean biospheric flux estimates while assimilating the Pallas observations, and the estimated posterior atmospheric CH4 better matched the observed values especially in
summer. In Paper II, the effect of two Asian sites were examined by changing observation uncertainty of the sites from 15 ppb to 1000 ppb (i.e. almost no influence in the
optimization). In the paper, those sites were found to be especially effective in reducing anthropogenic emissions over Asia, which led to unrealistic interannual variability
of the regional anthropogenic emissions during 2000-2012. It was also shown that the
influence of those observations was stronger when both anthropogenic and biospheric
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emissions were optimised per region (i.e. A2 approach; see also Section 4.1). Those
results highlighted the importance of pre-filtering before assimilation, and assigning appropriate observation error. In Paper III, four different sets of quality-controlled and
harmonised observations from the Integrated non-CO2 Greenhouse gas Observing System (InGOS) project were used to evaluate the range in the flux estimates over Europe.
The results showed that the range of the flux estimates due to differences in the assimilated observation sets is small when the atmospheric mixing is well resolved. In Paper
IV, similar sets of global observations as in Paper II were used, but the number of
sites for Finland and surrounding regions was extended significantly. In addition, the
effect of two urban sites was examined by comparing estimates with and without those
sites. The results showed a significant reduction in anthropogenic emission estimates
over southern Finland by assimilating the urban observations.

4.5

Uncertainty estimates

One of the biggest issues in atmospheric inversion is the estimation of uncertainties.
Although there are some ways to estimate such uncertainties, the prior uncertainties
would not be estimated correctly and fully. Therefore, the model users must be aware of
the limitations related to the construction and estimation of those uncertainties.
4.5.1

Prior flux uncertainty

In CTE-CH4 , the prior uncertainty (diagonals of prior covariance P b ) is defined in
respect to the percentage of the prior fluxes. One problem in using such uncertainty is
that the prior uncertainty depends on magnitude of the prior flux estimate. Although
prior uncertainty should be large enough to allow scaling factors to change, the prior
uncertainty tends to be underestimated when prior fluxes are small. This problem
was addressed in Paper IV, where the prior uncertainty for the biospheric fluxes over
southern Finland, defined as 80% of the prior fluxes, was possibly underestimated. Due
to the too small uncertainty, the inversion could not increase the biospheric fluxes, and
anthropogenic fluxes were increased instead to compensate the budget. On the other
hand, when prior uncertainty was large enough, the inversion estimates became close
to each other regardless of the prior fluxes.
4.5.2

Observation operator uncertainty

The uncertainty of the observation operator H is an ATM uncertainty in resolving
atmospheric CH4 . This consists of errors from model parameterisation, meteorology
and resolution errors. Locatelli et al. (2013) showed that the standard deviation in
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the estimated concentrations over a year could differ by about 100 ppb (≈6%), and
the spread of the inferred fluxes could reach up to 150% of the prior fluxes. Locatelli
et al. (2013) also pointed out that the driving meteorology is one of key factors, which
results in similar estimates when similar meteorological fields are used. In addition,
a finer model resolution in all dimensions tends to result in better estimates. The
model parameterisation for vertical convection is discussed in Paper II, where two
TM5 convection schemes were compared. The estimated concentrations showed a better
agreement with the observations when the faster vertical mixing scheme was applied,
where RMSE with the observations improved by more than 10 ppb in the prior (Paper
II, Fig. 2). In addition, the observation operator errors are likely to be spatially and
temporally correlated. However, such spatial correlation is difficult to assess, as resolved
atmospheric CH4 also depends on flux distribution.
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5
5.1

Application of CTE-CH4
Global CH4 budget

The estimation and evaluation of the global CH4 budget using CTE-CH4 are discussed
mainly in Paper II, and briefly in Paper IV. In those studies, weekly CH4 fluxes
were estimated with 500 ensemble members, drawn from a normal distribution, with a
smoothing lag of 5 weeks. The annual mean global total CH4 emission for 2000-2006 was
estimated to be 507–509 Tg CH4 yr−1 , with an uncertainty range of 45–62 Tg CH4 yr−1 ,
which increased to 526-528±44-61 Tg CH4 yr−1 for 2007-2012 (Paper II). A similar
increase was also found in Paper IV, where global total emission increased from 510±73
to 540±84 Tg CH4 yr−1 during 2004-2014. Although the model parameterisation, prior
fluxes and observation sets assimilated differ in those studies, the global total is very well
preserved, and in line with previous studies, e.g. Bousquet et al. (2006) and Fraser et al.
(2013), indicating the adequacy of the CTE-CH4 system for use in inversion studies.
Paper II showed that the increase in the anthropogenic emission was the possible cause,
which increased 15–27 Tg CH4 yr−1 between 2000–2006 and 2007–2012. However, the
trend in biospheric emissions was not clear as the estimates were sensitive to model
parameterisation and observation sets to be assimilated.
The uncertainty was successfully reduced from the prior to posterior in both studies,
as expected. The uncertainty reduction for global total emission estimates was about
50% (Paper II). The uncertainty reduction is often larger when spatial correlation is
included in the prior uncertainty, the number of observations assimilated is large and the
observation network is dense. However, it is hard to conclude whether the uncertainty
ranges are realistic, and the estimates with smaller uncertainties are not necessary more
realistic. The uncertainty estimates may be over- or underestimated since they also
depend on the uncertainty estimates on the prior and observation covariance matrices,
which are somewhat arbitrary. The range of estimates from an ensemble of models may
be more appropriate. Estimates of global total budget from the different inverse models
agree with each other within 10%, regardless of the inversion models (Saunois et al.,
2016a).

5.2

Regional CH4 budget

It is important to understand the regional CH4 balance because the distribution of
anthropogenic and natural emissions differ in each region due to economy, politics,
climate, soil properties and vegetation properties, to mention a few. Those processes are
often strongly connected, and they all influence the atmospheric CH4 burden. Therefore,
global inverse models have the advantage that regional budgets can be estimated within
a well-constrained global budget.
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Regional CH4 balances are discussed globally in detail in Paper II, with a focus on
Europe in Papers I and III, and for Finland in Paper IV. In Paper II, the regional
budgets were found to be sensitive to the number of parameters optimised, atmospheric
transport and observations. Using the faster vertical mixing in TM5, the NH emission
estimates lowered by about 10 Tg CH4 yr−1 and the estimates for the SH increased by a
similar amount compared to the slower vertical mixing scheme. The model parameterisation, whether to optimise both or either of anthropogenic and biospheric fluxes per
optimization region (approach A1 and S2), had an influence on the regional source division between anthropogenic and biospheric emissions, and their trends. For example,
the 2000–2006 biospheric emissions for the Asian temperate region were significantly
lower when the A2 approach, with larger number of parameters, was used compared
to the estimates using the A1 approach (see Section 4.1 and Table 6 in Paper II).
In addition, the biospheric emission increase in the Asian temperate region was much
stronger using the A2 approach. This was due to too strong influence from two Asian
sites (discussed also in Section 4.4).
Europe was one of the main interests in this study. The estimated total emissions
over Europe (including parts of western Russia) ranged between 47–60±10–13 Tg CH4
yr−1 (Papers I and II), and 20–30 Tg CH4 yr−1 for EU-28 countries (10th and 90th
percentiles from seven inversions; Paper III). In Papers II and III, the estimates
showed no significant trend in total emission for Europe, suggesting that Europe is
possibly not contributing to the increase in the atmospheric CH4 concentrations. In
addition, both papers addressed the uncertainty in the biospheric emission estimates,
especially for northern Europe. The studies suggested a possible overestimation in
the prior fluxes from the LPJG-WHyMe and LPX-Bern v1.0 process-based models, in
magnitude (Papers I and II) and seasonal amplitude (Paper III). This was further
examined in depth in Paper IV, which showed the inversion estimates to be in between
those two process-based models and the LPX-Bern DYPTOP, supporting the findings
from the previous studies.

5.3

Model evaluation

The atmospheric inverse model was developed to solve a real-life problem without a
known solution. Therefore, it is not possible to validate our results, but they can only
be evaluated through comparison with sets of observations and other models.
5.3.1

In-situ atmospheric observations

In the evaluation with in-situ atmospheric observations, there are two sets of observations we could use. One is of assimilated (model dependent) observations, which is used
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to derive the posterior fluxes, and another is of non-assimilated (model independent)
observations, which is not used in the inversion. The model dependent observations
are useful for assessing general model performance, such as the quality of inversion and
transport. The posterior atmospheric CH4 often does not match the observations perfectly due to the limited number of parameters and a complicated non-linear system
in the observation operator, and the d.o.f. in the data assimilation system is not large
enough to match individual observations perfectly. The model independent in-situ observations are useful in assessing a potential model bias for locations and times that are
not directly constrained by the closest observations.
In general, CTE-CH4 is able to reproduce observations at assimilated sites well, but the
bias in the latitudinal gradient and the seasonal cycle is still seen (Fig. 2 in Paper II).
This could be due to transport model error, but also indicates that the inversion did not
resolve the spatial and temporal discrepancies well enough. In addition, the model has
difficulties reproducing CH4 with high local influence, mainly due to spatial resolution
error in the transport model. In Paper I, the model independent continuous observations from Pallas were used for evaluation. However, the discrete observations from the
same site were assimilated, i.e. the observations were not considered to be fully independent. Nevertheless, the continuous observations showed that the atmospheric CH4
values in summer were often lower than those observed without assimilating the Pallas
discrete observations, indicating a possible underestimation in the resulting biospheric
fluxes in northern Europe. In Paper III, both model dependent and independent insitu observations were used for evaluation, where posterior atmospheric CH4 showed a
moderate to high correlation (0.5 to 0.79) with the observations. In Paper IV, model
dependent in-situ observations were used for evaluation, not only to assess the model
performance, but also the adequacy of the observations to be used in the inversion.
The evaluation showed relatively high correlation (>0.75) at all Fennoscandian sites.
However, since some bias remained at all sites, it was suspected that a shorter spatial
correlation length in the prior covariance would be more appropriate.
5.3.2

Aircraft measurements

Altitude information provided by aircraft profiles is useful in understanding atmospheric
CH4 in general, but also specifically those for vertical transport. Regular profiling
aircraft data operated within the European CarboEurope project at Orléans (France),
Bialystok (Poland), Hegyhatsal (Hungary) and Griffin (UK) during 2006–2012, and an
aircraft campaign performed within the Infrastructure for Measurement of the European
Carbon Cycle (IMECC) project (Geibel et al., 2012) were used for model independent
evaluation in Papers II and III.
The estimated CH4 profile showed an improvement from the prior, and the agreement
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with the observations were good at locations where surface CH4 is well resolved, at
Griffin, for example (Paper II). The comparison with background CH4 derived from
TM5 showed that the low vertical gradient at Griffin indicates the regional emission
signals from Europe have limited influence on atmospheric CH4 at Griffin (Paper III).
This suggests that the emissions and transport are possibly well resolved to match
background atmospheric CH4 and emission magnitude. However, the bias in the vertical profile was larger at the sites where influence from the local sources is high. At
those sites, the agreement with surface observations was often also poor, suggesting the
emission estimates are not well constrained (Paper II, III). In addition, the IMECC
profile showed that the estimated CH4 burden in general matched the observations well,
but a negative bias was found in the upper troposphere (Paper II). This was better
captured when the faster vertical mixing scheme was used, but the fast vertical mixing
scheme introduced a greater positive bias in the stratosphere (Paper II, Fig. 4).
5.3.3

Satellite and ground based retrievals

Satellite-based remote sensing retrievals have a much larger spatial coverage than insitu or aircraft observations, providing useful information on the spatial distributions of
atmospheric CH4 on global scale. The satellite retrievals are not a direct measure of CH4
concentrations, but those inferred from incoming light spectra of atmospheric columns.
Therefore, the information about the CH4 burden for a specific altitude derived from
satellite retrievals has high uncertainty, and the dry air total column-averaged CH4
mole fraction (XCH4 ) is more adequate for the evaluation. In this thesis, the XCH4
retrievals from the Total Carbon Column Observing Network (TCCON) (Papers I
and II), and the TANSO-FTS instrument on board the Greenhouse gases Observing
Satellite (GOSAT) spacecraft (Kuze et al., 2009) were used (Paper II). The TCCON
consists of ground-based stationally sites, measuring the same quantity as the satellitebased instruments, and their retrievals are used to validate the satellite-based retrievals.
Although GOSAT provides larger spatial information than any in-situ measurements,
it is argued that the retrieved XCH4 has some bias on latitudinal gradient (Yoshida
et al., 2013), and therefore, it is important to use both sets in model evaluation to avoid
possible misinterpretation.
The posterior XCH4 (derived from TM5 with posterior fluxes) showed a small negative bias, but good agreements on trend and seasonal cycle with TCCON XCH4 in the
NH (Paper II). However, the posterior XCH4 has a significant negative bias in the
SH compared to both TCCON and GOSAT XCH4 (Paper II). The possible underestimation of tropical emissions is discussed, this was about 10–20 Tg CH4 yr−1 lower
than inversion estimates by e.g. Houweling et al., 2014. The XCH4 estimates were not
significantly sensitive to small differences in surface flux estimates (Papers I and II),
but strongly affected by the convection schemes in TM5. The negative bias in the SH
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and the agreement with retrievals in the tropical seasonal cycle significantly improved
when the faster vertical mixing scheme was used (Paper II), which indicated a possible
underestimation of emissions for the Tropics and northern-latitude temperate regions
derived with the T1989 scheme.
5.3.4

In-situ flux observations

The flux estimates can be evaluated with in-situ flux observations, such as those from
chamber and eddy covariance (EC) measurements. The comparison with site-level measurements can be challenging, as model resolution is often much larger than the measurements spatial representativity. This is because CH4 fluxes are highly heterogeneous
in space (Frolking and Crill, 1994; Moore et al., 1994), which means they can differ
significantly within a few metres (Moore et al., 1998), and therefore, the site-level flux
measurements may not be representative of averaged or aggregated modelled fluxes
over a model grid cell. Nevertheless, the in-situ fluxes measured at several locations,
and EC measurements which could be representative of a few hundred kilometres, have
been extensively studied over the northern latitude Boreal regions, and some general
information can be used for evaluation.
In Paper II, the 2006–2007 interannual variability of the biospheric flux estimates for
north American and European boreal regions was compared to previously published
in-situ flux observations from Moore et al. (2011); Drewer et al. (2010) and JackowiczKorczyński et al. (2010). The analysis showed that the interannual variability in the
posterior fluxes agreed with the measurements better than the prior, supporting adequacy of inversion results that are driven by the atmospheric concentration observations.
In Paper IV, the regional biospheric fluxes for northern and southern Finland were
compared to EC observations from two peatlands in Finland: Lompolojänkkä and Siikaneva. The interannual variability in the Lompolojänkkä EC measurements showed
that the flux estimates in the LPJG-WHyMe and LPX-Bern v1.0 are possibly overestimated, and the fluxes estimated by the LPX-Bern DYPTOP and CTE-CH4 are more
reasonable. In addition, the Siikaneva EC measurements suggested that the seasonal
cycle in the posterior anthropogenic fluxes is possibly unrealistic, and the increase in
the summer fluxes is probably of biospheric origin.

5.4
5.4.1

Limitation of CTE-CH4
Separation of emission sources

One limitation of CTE-CH4 is that the separation of emission sources are still uncertain
in regions where both anthropogenic and biospheric emissions are equally large, or the
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emission ratio is incorrectly described in the prior fluxes. Since CTE-CH4 is based on
mathematical optimization, which do not optimise fluxes based on physical parameters,
the weight of the sources can only be decided by the pre-defined background error
covariance matrix Q. When prior uncertainty is equally large, the source division is
driven simply to find the mathematically optimal cost function. Paper II showed
that it was difficult to revert the emission ratio in the prior with the inversion. The
anthropogenic emission estimates in Africa were larger than the biospheric emission
estimates, and increased during 2000-2012 in Paper II. On the other hand, Bruhwiler
et al. (2014) showed an increase in biospheric emission estimates that were larger than
the anthropogenic emission estimates in their study. Although both studies used similar
optimization methods, the differences in the prior fluxes led to opposite source division
in the posterior and the differences in the trends. Paper IV addressed a possibly
unrealistic increase in posterior anthropogenic emissions during summer in southern
Finland, although the signal in the observed atmospheric CH4 is possibly of biospheric
origin. This was mainly due to underestimation in the prior uncertainty for biospheric
fluxes, which were smaller than those of the anthropogenic emissions.
In addition, the system could create physically incorrect fluxes, such as negative anthropogenic emissions. The prior state is assumed to be normally distributed, and the
prior ensemble is drawn from the normal distribution with a mean of 1 and variance
e.g. of 0.8. This could give negative prior state samples with probability of ∼0.13,
which is insignificant. Other distributions, such as a truncated normal distribution or
transfromation to the log-normal distribution (Kemp et al., 2014), could be used to
make prior state samples strictly positive. However, due to normality assumption in
states and observations, it is not possible to avoid having negative scaling factors in the
current setup.
5.4.2

Dynamical model for prediction

Another limitation is the lack of a dynamical model M in predicting the state covariance
matrix (2.8). Although flux estimates from a week to another are related through
physical and chemical processes, which are included through prior flux estimates and
the transport model, their scaling factors (except for the mean states) are assumed
to be uncorrelated in time, and therefore, the posterior flux estimates still have large
fluctuations between weeks. Increasing the ensemble size helps (Fig. 6), but some
of the instantaneous changes in fluxes could be unrealistic and possibly resulted from
overfitting the observations. Therefore, only annual and monthly estimates have been
reported in the papers presented here, although fluxes were optimised weekly.
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6

Summary and concluding remarks

This thesis presented the application of an ensemble Kalman filter data assimilation
system, CTE-CH4 , to a real-life problem of global and regional CH4 flux estimations.
The analysis showed that consistent and reliable estimates of global and regional CH4
budgets were obtained with a large enough ensemble size, appropriate prior error covariance, and good observations, which agreed well with a variety of model dependent and
independent observations. CTE-CH4 identified the significant contribution from the
tropical and extra tropical anthropogenic emissions to the increase in the global CH4
budget after 2007, which could possibly be a cause of the increase in atmospheric CH4
GR after 2007. In addition, CTE-CH4 was able to give further understanding to the regional CH4 budgets; Europe as a whole and Finland were found to have an insignificant
or negative influence on the atmospheric CH4 growth in the 21st century.
However, the evaluation also addressed several problems in the system. The somewhat
subjective prior covariance matrix could limit the inversion to change fluxes from the
prior, and the inversion results still depended on the choice of prior fluxes and transport
model. In addition, two major limitations of the CTE-CH4 model were addressed:
(1) uncertainty in anthropogenic and biospheric source division, and (2) incomplete
temporal evolution due to the lack of a dynamical model for covariance matrix.
A better source separation could be achieved by using isotopic information. The isotopic signal of 13 δC (13 C/12 C ratio in CH4 ) differs by source processes, and could be
used to separate biogenic, fossil-origin and geological sources. Global measurements
of the isotopic signals for about two decades are already available for the inversion
through NOAA and the University of Colorado. Such development will give further understanding of the recent atmospheric CH4 growth. Furthermore, the next generations
of satellites such as GOSAT-2 would be able to provide distribution of 13 δC signal on
global scale, which could be used for evaluation or assimilation.
Improving the dynamical model to predict covariance matrices, and thus passing information on to sample deviations is challenging. A similar averaging as used for mean
estimates could be applied, but it would require deflation/inflation as variance in the
ensemble tends to shrink too quickly, and a way to regain sufficient d.o.f. in the states
could be required with some additional tuning. However, smoother estimates for the
deviations could be obtained by using e.g. temporally correlated random samples (the
hidden Markov model) or using the adaptive Kalman filter. When a better temporal
correlation is introduced, it would be possible to provide the estimates with shorter
temporal scale, such as weekly. This would then give further opportunity to study
short-temporal scale changes in CH4 fluxes, such as during spring thaw and autumn
freezing.
In addition, the estimates driven by CTE-CH4 could be applied to regional inverse
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models and evaluation of inventories and process-based models, as partly shown in
this thesis. The regional inverse models, based on the regional transport model, often
has advantage that the fluxes can be resolved in fine resolution on a specific domain.
However, these often need “background” atmospheric concentration fields, from which
backward trajectories outside of the domain are calculated. Since CTE-CH4 is a global
model, constrained by global atmospheric observations, such information can be provided for the regional inverse models to obtain flux estimates consistent with CTE-CH4 ,
but optimised in finer resolution. For the evaluation of inventories and process-based
models, a similar study can be done for other inventories, models, and regions than
those presented here, which could possibly lead to better estimates globally.
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Lamarque, J.-F., Langenfelds, R. L., Le Quéré, C., Naik, V., O’Doherty, S., Palmer, P. I., Pison, I.,
Plummer, D., Poulter, B., Prinn, R. G., Rigby, M., Ringeval, B., Santini, M., Schmidt, M., Shindell,
D. T., Simpson, I. J., Spahni, R., Steele, L. P., Strode, S. A., Sudo, K., Szopa, S., van der Werf,

49

G. R., Voulgarakis, A., van Weele, M., Weiss, R. F., Williams, J. E., and Zeng, G.: Three decades of
global methane sources and sinks, Nature Geosci., 6, 813–823, doi:10.1038/ngeo1955, 2013.
Kort, E. A., Wofsy, S. C., Daube, B. C., Diao, M., Elkins, J. W., Gao, R. S., Hintsa, E. J., Hurst, D. F.,
Jimenez, R., Moore, F. L., Spackman, J. R., and Zondlo, M. A.: Atmospheric observations of Arctic
Ocean methane emissions up to 82° north, Nature Geosci, 5, 318–321, doi:10.1038/ngeo1452, 2012.
Krol, M., Houweling, S., Bregman, B., van den Broek, M., Segers, A., van Velthoven, P., Peters, W.,
Dentener, F., and Bergamaschi, P.: The two-way nested global chemistry-transport zoom model
TM5: algorithm and applications, Atmos. Chem. Phys., 5, 417–432, doi:10.5194/acp-5-417-2005,
2005.
Kuze, A., Suto, H., Nakajima, M., and Hamazaki, T.: Thermal and near infrared sensor for carbon observation Fourier-transform spectrometer on the Greenhouse Gases Observing Satellite for greenhouse
gases monitoring, Applied Optics, 48, 6716, doi:10.1364/AO.48.006716, 2009.
Kvenvolden, K. A.: Methane hydrate—a major reservoir of carbon in the shallow geosphere?, Chemical
geology, 71, 41–51, 1988.
Locatelli, R., Bousquet, P., Chevallier, F., Fortems-Cheney, A., Szopa, S., Saunois, M., Agusti-Panareda,
A., Bergmann, D., Bian, H., Cameron-Smith, P., Chipperfield, M. P., Gloor, E., Houweling, S., Kawa,
S. R., Krol, M., Patra, P. K., Prinn, R. G., Rigby, M., Saito, R., and Wilson, C.: Impact of transport
model errors on the global and regional methane emissions estimated by inverse modelling, Atmos.
Chem. Phys., 13, 9917–9937, doi:10.5194/acp-13-9917-2013, 2013.
Lohila, A., Aalto, T., Aurela, M., Hatakka, J., Tuovinen, J.-P., Kilkki, J., Penttilä, T., Vuorenmaa,
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Rodó, X., Morguı́, J.-A., Vermeulen, A. T., Popa, E., Rozanski, K., Zimnoch, M., Manning, A. C.,
Leuenberger, M., Uglietti, C., Dolman, A. J., Ciais, P., Heimann, M., and Tans, P. P.: Seven years
of recent European net terrestrial carbon dioxide exchange constrained by atmospheric observations,
Global Change Biology, 16, 1317–1337, doi:10.1111/j.1365-2486.2009.02078.x, 2010.
Rabier, F.: Overview of global data assimilation developments in numerical weather-prediction centres,
Q.J.R. Meteorol. Soc., 131, 3215–3233, doi:10.1256/qj.05.129, 2005.
Randerson, J. T., Chen, Y., van der Werf, G. R., Rogers, B. M., and Morton, D. C.: Global burned
area and biomass burning emissions from small fires, J. Geophys. Res., 117, G04 012, doi:10.1029/
2012JG002128, 2012.
Saunois, M., Bousquet, P., Poulter, B., Peregon, A., Ciais, P., Canadell, J. G., Dlugokencky, E. J.,
Etiope, G., Bastviken, D., Houweling, S., Janssens-Maenhout, G., Tubiello, F. N., Castaldi, S.,
Jackson, R. B., Alexe, M., Arora, V. K., Beerling, D. J., Bergamaschi, P., Blake, D. R., Brailsford,
G., Brovkin, V., Bruhwiler, L., Crevoisier, C., Crill, P., Covey, K., Curry, C., Frankenberg, C.,
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A state-of-the-art inverse model, CarbonTracker Data Assimilation Shell (CTDAS), was
used to optimize estimates of methane (CH4) surface fluxes using atmospheric observations
of CH4 as a constraint. The model consists of the latest version of the TM5 atmospheric
chemistry-transport model and an ensemble Kalman filter based data assimilation system.
The model was constrained by atmospheric methane surface concentrations, obtained from
the World Data Centre for Greenhouse Gases (WDCGG). Prior methane emissions were
specified for five sources: biosphere, anthropogenic, fire, termites and ocean, of which biosphere and anthropogenic emissions were optimized. Atmospheric CH4 mole fractions for
2007 from northern Finland calculated from prior and optimized emissions were compared
with observations. It was found that the root mean squared errors of the posterior estimates were more than halved. Furthermore, inclusion of NOAA observations of CH4 from
weekly discrete air samples collected at Pallas improved agreement between posterior CH4
mole fraction estimates and continuous observations, and resulted in reducing optimized
biosphere emissions and their uncertainties in northern Finland.

Introduction
Methane (CH4) is one of the most effective
greenhouse gases. It’s global warming potential
over a 100 year time horizon is 28 times that of
Editor in charge of this article: Veli-Matti Kerminen

carbon dioxide (IPCC 2013: chapter 8.7), and
its atmospheric burden more than doubled since
1750 (MacFarling Meure et al. 2006, Rhodes
et al. 2013). Anthropogenic emissions are the
main reason for the increase up to the1980s

Boreal Env. Res. Vol. 20

• Evaluation of atmosheric methane inversion model

(Rasmussen and Khalil 1981, Khalil and Rasmussen 1985). In the 1990s, the annual growth
rate decreased, and became nearly zero in the
early 2000s. Several reasons have been proposed
to explain the variations: a decline in the emissions from biogenic sources, such as wetlands
and rice, in the northern hemisphere (Kai et
al. 2011), a decline in the fossil fuel emissions
(Aydin et al. 2011), or an increase in the main
sink of CH4 reaction with atmospheric OH (Krol
et al. 1998, Bousquet et al. 2006, Monteil et al.
2011). However, if lifetime and emission were
constant, decrease in growth rate is an indicator that atmosphere is reaching a steady state
(Dlugokencky et al., 2011). Furthermore, the
concentration started to increase again in 2006
(Rigby et al. 2008), and the exact reasons are
still unknown (Dlugokencky et al. 2009, Heimann 2011).
Several inverse modeling studies assessed the
reasons for the changes in the methane growth
rate (Bergamaschi et al. 2005, 2007, 2010, 2013,
Bousquet et al. 2005, 2011, Bruhwiler et al.
2014, Houweling et al. 2014). Inverse modeling, which optimizes emissions from different
source categories, is a powerful tool for understanding changes in the emissions from both
human activities and nature. The main sources of
anthropogenic emissions are agriculture, waste
and fossil fuels, whereas biosphere emissions are
dominated by wetlands (Kirschke et al. 2013).
Anthropogenic emissions are responsible for
long-term and inter-annual variability of atmospheric methane, whereas biosphere emissions
have large effects on seasonal cycles. Global
methane emission is estimated to be around
500–600 Tg y–1, and for Europe 35–60 Tg y–1,
where anthropogenic emissions also dominate
(Kirschke et al. 2013 and references therein).
However, the estimates vary substantially among
models and model settings. Although the variation among inverse modeling estimates are
smaller than for process models, the choice of
transport model (Locatelli et al. 2013), observation data sets (Alexe et al. 2014, Villani et al.
2010) and prior emission distributions affect the
results.
In this study, we evaluated the performance
of a state-of-the-art inverse model system
based on the data assimilation system CTDAS
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(Carbon Tracker Data Assimilation Shell, see
http://www.carbontracker.eu/ctdas/) for boreal
sites of northern Finland in 2007. The system
contains the latest version of the atmospheric
chemistry-transport model TM5 (Krol et
al. 2005) driven by the European Centre for
Medium-Range Weather Forecasts (ECMWF)
ERA-Interim meteorological fields. TM5 is used
with a two-way nested European domain with a
1° ¥ 1° grid over Europe and high northern latitudes. Here, observations of atmospheric CH4 for
2007 from NOAA’s global cooperative air sampling network and other discrete air sampling
networks were used to constrain the emissions
in the model. The discrete air sample data have
been used extensively as constraints in surface
flux inversion studies based on data assimilation
(Bergamaschi et al. 2007, Bruhwiler et al. 2014,
Houweling et al. 1999).
To examine the performance of the inverse
model for boreal areas, especially northern Finland, the modeled atmospheric concentrations
estimated using the emissions before and after
optimization of the emissions were compared
with model-independent continuous observations for 2007. Furthermore, two inversions,
one with and one without assimilating the Pallas
discrete air sample observations were compared
to test the effects of the Pallas observations in the
inverse model results.

Methods and data sets
CTDAS atmospheric inverse model
CTDAS is a pyshell version of CarbonTracker,
developed by NOAA-ESRL (National Oceanic
and Atmospheric Administration’s Earth System
Research Laboratory) and the Wageningen University. The model had originally been designed
to optimize carbon dioxide fluxes (Peters et al.
2005), and it has been further developed for
CH4 by Bruhwiler et al. (2014) and in this study
(European CarbonTracker-CH4). Models developed by Bruhwiler et al. (2014) and in this study
differ to certain extent: the emission sources that
are optimized, the geographical area of focus, i.e.
the zoom grid in the TM5 transport model, prior
emissions such as anthropogenic and biosphere,
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observations assimilated, and source region
boundaries are different from their studies.
The optimal weekly mean CH4 fluxes F(r,t)
in region r and time t (week) were calculated as
follows:
F(r,t) = λbio(r,t)Fbio(r,t) + λanth(r,t)Fanth(r,t)
+ Ffire(r,t) + Fterm(r,t) + Foce(r,t),
(1)
where Fbio, Fanth, Ffire, Fterm, Foce are the emissions

•
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from biosphere, anthropogenic activities, fire,
termites and ocean, respectively. The scaling factors for the biosphere and anthropogenic emissions are optimized in the model.
In order to assess the influence of the NOAA
Pallas flask measurements on the optimized
fluxes for European and boreal regions, we performed two runs: S1 including all the measurements listed in Table 1, and S2 excluding the
Pallas flask measurements.

Table 1. List of sites used in European CarbonTracker-CH4. The model data mismatch (mdm) was used as the
observation error. Observations were rejected in the assimilation if the estimated mole fractions were not within 3 ¥
observation error. Note that only observations from discrete air samples were used.
Site	Station name	Country/	Contributor	Lat.	Long.	Elevation
code		
territory		
(°N)
(°E)
(m a.s.l.)
abp	Arembepe
Brazil	NOAA/ESRL	 –12.77
alt	Alert	Canada	NOAA/ESRL	 82.72
ams	Amsterdam Island
France	NOAA/ESRL	
–37.8
amt	Argyle
USA	NOAA/ESRL	 45.03
arh	Arrival Heights	New Zealand	NIWA	
–77.8
asc	Ascension Island
UK	NOAA/ESRL	
7.55
ask	Assekrem	Algeria	NOAA/ESRL	 23.27
azr	Terceira Island
Portugal	NOAA/ESRL	
38.77
bal
Baltic Sea
Poland	NOAA/ESRL	
55.35
bgu
Begur	Spain	LSCE	
41.97
bhd
Baring Head	NewZealand	NOAA/ESRL	
–41.41
bkt
Bukit Koto Tabang	Indonesia	NOAA/ESRL	
–0.2
bme	St. David’s Head
UK	NOAA/ESRL	
32.37
bmw	Tudor Hill
UK	NOAA/ESRL	
32.27
brw
Barrow
USA	NOAA/ESRL	
71.32
bsc
Black Sea	Romania	NOAA/ESRL	
44.17
cba	Cold Bay
USA	NOAA/ESRL	
55.20
cfa	Cape Ferguson	Australia	CSIRO	
–19.28
cgo	Cape Grim	Australia	NOAA/ESRL	
–40.68
chr	Christmas Island
Kiribati	NOAA/ESRL	
1.70
crz	Crozet
France	NOAA/ESRL	–46.45
cya	Casey Station	Australia	CSIRO	
–66.28
eic	Easter Island	Chile	NOAA/ESRL	
–27.13
esp	Estevan Point	Canada	EC	
49.38
esp	Estevan Point	Canada	CSIRO	
49.38
fik
Finokalia
Greece
LSCE
35.34
gmi
Guam
USA	NOAA/ESRL	 13.43
hba	Halley Bay
UK	NOAA/ESRL	
–75.57
hpb	Hohenpeissenberg
Germany	NOAA/ESRL	 –75.57
hun	Hegyhatsal	Hungary	NOAA/ESRL	 46.95
ice	Heimaey	Iceland	NOAA/ESRL	 63.40
izo	Izaña	Spain	NOAA/ESRL	 28.30
key
Key Biscayne
USA	NOAA/ESRL	
25.67
kum	Cape Kumukahi
USA	NOAA/ESRL	
19.52
kzd	Sary Taukum
Kazakhstan	NOAA/ESRL	
44.45
kzm
Plateau Assy
Kazakhstan	NOAA/ESRL	
43.25
lln	Lulin	China	NOAA/ESRL	 23.47
lmp	Lampedusa	Italy	NOAA/ESRL	 35.52

–38.17
–62.52
77.53
–68.68
166.67
14.25
5.63
–27.37
17.22
3.23
174.87
100.32
–64.65
–64.87
–156.6
28.67
–162.72
147.05
144.68
–157.17
51.85
110.53
–109.45
–126.55
–126.55
25.67
144.78
–26.5
11.02
16.65
–20.28
–16.5
–80.2
–154.82
75.57
77.87
120.87
12.63

mdm
(ppb)

0.0
7.5
210.0
15.0
55.0
7.5
50.0
30.0
184.0
7.5
54.0
7.5
2710.0
25.0
40.0
15.0
28.0
75.0
13.0
15.0
85.0
7.5
864.5
75.0
30.0
15.0
30.0
15.0
11.0
15.0
3.0
75.0
25.0
15.0
2.0
25.0
94.0
7.5
3.0
7.5
120.0
7.5
60.0
7.5
50.0
7.5
39.0
25.0
39.0
25.0
150.0
15.0
2.0
15.0
33.0
7.5
985.0
25.0
248.0
75.0
100.0
15.0
2367.0
15.0
3.0
25.0
3.0
7.5
412.0
75.0
2519.0
25.0
2867.0
25.0
45.0
25.0
continued
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Table 1. Continued.
Site	Station name	Country/	Contributor	Lat.	Long.	Elevation
code		
territory		
(°N)
(°E)
(m a.s.l.)
lpo	Ile Grande
France	LSCE	
maa	Mawson	Australia	CSIRO	
mhd	Mace Head	Ireland	NOAA/ESRL	
mid	Sand Island
USA	NOAA/ESRL	
mlo	Mauna Loa
USA	NOAA/ESRL	
mqa	Macquarie Island	Australia	CSIRO	
nmb
Gobabeb	Namibia	NOAA/ESRL	
nwr	Niwot Ridge
USA	NOAA/ESRL	
oxk	Ochsenkopf
Germany	NOAA/ESRL	
pal
Pallas-Sammaltunturi
Finland	NOAA/ESRL	
pdm
Pic du Midi
France	LSCE	
psa
Palmer Station
USA	NOAA/ESRL	
pta
Point Arena
USA	NOAA/ESRL	
puy
Puyde Dome
France	LSCE	
rpb	Ragged Point
Barbados	AGAGE	
sey	Mahe Island	Seychelles	NOAA/ESRL	
sgp	Southern Great Plains
USA	NOAA/ESRL	
shm	Shemya Island
USA	NOAA/ESRL	
smo	Tutuila
USA	AGAGE	
spo	South Pole
USA	NOAA/ESRL	
stm	Ocean Station M	Norway	NOAA/ESRL	
sum	Summit
Denmark	NOAA/ESRL	
syo	Syowa Station
Japan	NOAA/ESRL	
tap	Tae-ahn Peninsula
Korea	NOAA/ESRL	
tdf	Tierradel Fuego	Argentina	NOAA/ESRL	
ter	Teriberka	Russia	MGO	
thd	Trinidad Head
USA	NOAA/ESRL	
uta
Wendover
USA	NOAA/ESRL	
uum
Ulaan Uul	Mongolia	NOAA/ESRL	
wis	Sede Boker	Israel	NOAA/ESRL	
wkt	Moody
USA	NOAA/ESRL	
wlg	Mt. Waliguan	China	NOAA/ESRL	
wsa	Sable Island	Canada	EC	
zep
Zeppelinfjellet	Norway	NOAA/ESRL	

TM5 atmospheric transport model
The link between atmospheric CH4 measurements and exchange of CH4 at the Earth’s surface is the transport of CH4 in the atmosphere. In
our assimilation system, the release 3 of the TM5
chemistry transport model was used as the linearized observation operator. TM5 was run with
a 1° ¥ 1° zoom region over Europe (24–74°N,
21°W–45°E), framed by an intermediate grid
of 2° ¥ 3° for outer Europe, and 4° ¥ 6° globally (Fig. 1), driven by ECMWF ERA-Interim
meteorological fields. Atmospheric chemical
loss was calculated using off-line chemistry with
monthly tropospheric OH concentrations (Hou-
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weling et al. 2014). Furthermore, stratospheric
sink due to reaction with OH, Cl and O(1D) were
included by applying reaction rates based on a
2D photochemical Max-Planck-Institute (MPI)
model (Bergamaschi et al. 2005). The global
total atmospheric chemical loss, i.e. the integrating OH, Cl and O(1D) losses during 2007, was
about 511 Tg CH4 y–1, with a methane lifetime
of about 9.6 years defined by the global burden
divided by the loss.
In this work, atmospheric mole fractions
were estimated using the TM5 forward model.
The mole fractions estimated with prior emissions are henceforth called ‘prior’, and the estimates with posterior emissions ‘posterior’.
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Prior CH4 flux data sets
The prior data sets consisted of anthropogenic,
biosphere, fire, termite and ocean emissions, collected from inventories and studies outside this
project. Total posterior emissions were calculated using Eq. 1. All emission fields were gridded to match the finest TM5 grid, i.e., 1° ¥ 1°,
globally.
Anthropogenic methane emissions are
responsible for more than half of the global methane source. For monthly mean anthropogenic
emissions, the Emission Database for Global
Atmospheric Research ver. 4.2 (EDGARv4.2)
was used. The emissions from agricultural waste
burning and large scale biomass-burning were
removed, because they overlap with fire emissions described later. The annual anthropogenic
emission for 2007 was 337 Tg CH4 y–1 (excluding fires), in which agricultural emissions, such
as enteric fermentation (99 Tg CH4 y–1) and
agricultural soils (36 Tg CH4 y–1), and fugitive
emissions from oil and gas (66 Tg CH4 y–1) and
solid fuels (43 Tg CH4 y–1) dominated. We did
not introduce seasonal variations in the anthropogenic emissions.

30E

60E

Fig. 1. TM5 zoom grid
definition used in the
European CarbonTrackerCH4.

Natural emissions, dominated by wetlands,
are estimated to contribute about 40% of the
total emissions, where inter-annual variability
of emissions from wetland ecosystems is estimated to be ±12 Tg CH4 y–1 (Spahni et al. 2011).
For monthly-mean biosphere emissions, the estimates by the LPJ-WHyMe vegetation model
(Spahni et al. 2011) were used. The emissions
from rice fields were removed since they were
already included in the anthropogenic emissions.
EDGARv4.2 estimates of the emissions from
rice fields were ca. 6 Tg CH4 y–1 smaller than
LPJ-WHyMe estimates; no scaling was applied
to the EDGARv4.2 estimates. The annual biosphere emission for 2007 was 160 Tg CH4 y–1
(excluding rice fields), with the seasonal cycle
already captured in the prior.
Methane emissions from natural fires account
for less than 10% of the global total (Kirschke
et al. 2013). These emissions are an important
part of the carbon cycle and their inter-annual
variability can be large because of occasional
intense fires and events, such as strong El Niño
that lead to dry periods around the equator (Langenfelds et al. 2002). Also, the spatial variability
of fire emissions should be taken into account
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(Andreae and Merlet 2001). Monthly-mean fire
emissions from the Global Fire Emissions Database ver. 3.1 (GFEDv3.1) were used. The data
set contained both natural and anthropogenic
fire emissions (van der Werf et al. 2010), including agricultural waste burning and large-scale
biomass burning with seasonal cycles captured.
Annual total fire emissions for 2007 were 17.44
Tg CH4 y–1 in GFEDv3.1, and 30.36 Tg CH4 y–1
in EDGARv4.2.
Methane emissions of termites accounts for
about 5% of global emissions, but the spatial
variability of these emission should be taken into
account. Annual-mean termite emissions from
Ito et al. (2012) were used. The emissions were
estimated based on Fung et al.’s (1991) up-scaling method, biome-specific termite biomass density and emission factors were obtained from
Fraser et al. (1986), and a historical land cover
map based on Hurtt et al. (2006) was used to
introduce inter-annual variability. The average
termite biomass density in boreal forests was
assumed to be zero. We did not introduce seasonal variations into the termites emissions. In
this study, emissions for 2007 were assumed to
be the same as the latest estimate, i.e. of 2006.
Methane emissions from open oceans are a
relatively minor, about 0.2% of the global emissions. Monthly-mean ocean emission fields
were pre-calculated based on seasonal methane saturation ratios from Bates et al. (1996),
which were derived from measurements of seawater and atmospheric methane mixing ratios
throughout the Pacific Ocean. The saturation
ratios were used globally as zonal averages.
The difference between air and seawater partial pressures of methane, dp(CH4), was calculated using saturation ratios. The zonal monthly
mean dry air CH4 mixing ratios were taken from
GLOBALVIEW-CH4 (Cooperative Atmospheric
Data Integration Project — Methane, see www.
esrl.noaa.gov/gmd/ccgg/globalview/ch4/ch4_
intro.html). Sea level pressure, sea surface temperature, sea-ice concentration and 10 meter wind
speeds were from the ECMWF ERA-interim data
(Dee at al. 2011). Solubility of methane in seawater was calculated according to Wiesenburg and
Guinasso (1979), assuming salinity of 35‰. Gas
transfer velocity was parametrized using the wind
speed and Schmidt number (Wanninkhof 1992).

511

Fluxes were then calculated as the product of gas
transfer velocity, gas solubility and dp(CH4). Seaice was assumed to inhibit gas transfer.
Atmospheric methane observations
Global methane atmospheric measurements were
obtained from the World Data Centre for Greenhouse Gases (WDCGG). Measurements are from
the NOAA, CSIRO, EC, LSCE, NIWA and MGO
discrete air samples, and background measurements were selected according to each contributor’s quality control flags. The location of each
site is shown in Fig. 2. The model data mismatch
(mdm), used for the criteria of observation rejection thresholds and observation error covariance
matrix, was defined by site types: 7.5 ppb for
marine boundary layer and high southern hemisphere sites, 15 ppb for mixed sites, 25 ppb for
land and tower sites, 30 ppb for sites with large
variability in observations, and 75 ppb for so
called “problematic” sites. For the list and details
of the measurement sites, see Table 1. The observations were rejected in the assimilation if estimated concentrations were not within three times
the measurement errors. The number of measurements available varied by site, but around 70
measurements were assimilated per week.
To assess the model results in the European
boreal regions, two independent observation data
sets from northern Finland were compared with
the TM5-estimated CH4 mole fractions using the
prior and posterior emissions. The data sets were
the FMI continuous atmospheric measurements
from Pallas (Aalto et al. 2007), and the Fourier
transform infrared spectroscopy (FTIR) measurements from Sodankylä (Kivi et al. 2014).
Pallas is located at 67.58°N and 24.06°E
(565 m a.s.l.), where its main station Sammaltunturi is located on the top of a hill. About 6%
of the nearest 20 km2 consists of open wetland,
and the area is sparsely populated. During 2007,
CH4 was measured four times per hour with an
automated gas chromatographic system (Agilent
6890N) equipped with a flame ionization detector for CH4 detection. The measurements are calibrated using standards on the WMO/CCL scale
(Aalto et al. 2007). Hourly mean observations
for day and night were used.
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Fig. 2. Locations (black dots) of the sites from which the data were assimilated in European CarbonTracker- CH4 for
2007. For site-name codes see Table 1.

Sodankylä is located at 67.36°N, 26.63°E
(179 m above mean sea level), about 150 km
southeast of Pallas, and a FTIR instrument has
been operated at the site since February 2009.
The FTIR instrument in Sodankylä acquires solar
spectra using a Bruker 125HR Fourier transform
spectrometer. The instrument is participating in
the Total Carbon Column Observing Network
(TCCON, http://www.tccon.caltech.edu/), and
the total column measurements were processed
using the standard approach used in the network
(Wunch et al. 2011). Due to its high-latitude
location, there is little or no sunlight during
winter, FTIR observations between November
and January are discuntinued. Monthly means
and standard deviations of the measurements
were calculated using all data from 2009–2012.
Note that the inverse model was run for 2007,
so we compare only the shapes of the seasonal
cycle with the model estimates. Note that Sodankylä is both spatially and temporally a model-independent site; i.e., no measurements from
Sodankylä were used in this study.
TransCom and land-ecosystem regions
We optimized fluxes region-wise, where the

regions r in Eq. 1 were defined by TransCom and
land-ecosystem maps. The global surface was
divided into 16 regions, based on the TransCom
regions used in Peters et al. (2007), except that
oceans were aggregated into one region and
Europe was divided into four subregions (Fig. 3).
Further, terrestrial areas were divided based
on soil types, because methane emissions are
affected by soil properties (Matthews and Fung
1987, Yvon-Durocher et al. 2014). Land-ecosystem regions were defined mainly based on Prigent et al. (2007) and Wania et al. (2010), also
used in LPJ-WHyMe vegetation model (Spahni
et al. 2011). The regions consisted of six types
of land ecosystems (Fig. 4): inundated wetland
and peatland (IWP), wet mineral soil (WMS),
rice (RIC), anthropogenic land (ANT), water
(WTR) and ice (ICE). Each grid point was
therefore defined by TransCom and land-ecosystem region. The land-ecosystem map was not
dynamic and did not change during the year. The
prior scaling factors were all equal to one: λ =
(λbio, λanth) = (1, 1, ..., 1) = 1. For land-ecosystem
region IWP and WMS, biosphere emissions were
optimized, i.e. λanth = 1, and for RIC, ANT and
WTR, anthropogenic emissions were optimized,
i.e. λbio = 1. Theoretically, this approach results
in 72 (14 TransCom ¥ 5 land-ecosystem + ocean
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+ ice) state-vector elements each week. However, some TransCom regions contain fewer than
five ecosystems types, and for ICE, emissions
were assumed to equal zero for both prior and
posterior. Therefore, the actual number of scaling factors λ = (λbio, λanth) to be optimized was 49
per week globally.
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Results
Comparison with Pallas continuous
observations
The mismatch between simulated CH4 and
observations indicates that using the prior fluxes
generally results in overestimations of CH4
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Fig. 5. Measured and modeled atmospheric methane for 2007 at Pallas. Thick gray lines are FMI continuous measurements, and thin back lines show modeled mole fractions using prior (top), weekly posterior with (S1) and without (S2) assimilating Pallas NOAA measurements from discrete air samples. The bottom panel shows differences
between the S1 and S2 posterior fractions.

abundance at Pallas (Fig. 5). The prior matches
the observations fairly well in the beginning of
the year, but the baseline increases faster than
in the observations, reaching ca. 20 ppb higher
values at the end of the year. Peaks in the prior
during summer and autumn were much higher
than in the observations, pointing to prior CH4
fluxes that are too large.
As expected, the hourly S1 posterior concentrations matched the FMI hourly continuous
observations better than the prior concentrations
(Fig. 5). The unrealistically strong seasonal cycle
in the prior was improved in the posterior. As
a result of the lower posterior wetland emissions, the peaks in the posterior concentrations
were much lower that those in the prior, especially during summer and autumn, matching
the observed concentrations better throughout
the year. The large increase in the baseline of
the prior concentrations in summer and autumn

was attributed to an overestimation in biosphere
emissions. Wetland fractions for the region may
be overestimated in the prior emission calculation (Prigent et al. 2007). There was a considerable mismatch between posterior concentrations
and the observations around the end of September, when the posterior concentrations were
much higher than the observed ones. Although
better than the prior, maximum differences in
the posterior concentrations were still up to 200
ppb. Note that there was often only one observation per site per week assimilated during the
inversion, and during some weeks, observations
from Pallas and nearby sites such as Teriberka and Zeppelinfjellet, were rejected from the
assimilation (Fig. 6). The number of rejected
observations was greatest in autumn, including the period when the maximum differences
were estimated. For the rejected observations,
the modeled concentrations were 45.0 ppb, or
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Fig. 6. (a) Time series of NOAA and MGO measurements: dots are assimilated measurements, and squares are
rejected. (b) Differences between prior and measured for each measurements: gray lines are the rejection thresholds of –45 and 45 ppb for all three sites. Measurements were rejected when the difference exceeded the rejection
threshold.

more, greater than the observed concentrations,
probably resulted from too high prior emission estimates. The highest concentration in the
observations (1947 ppb) at Teriberka in November was unintentionally added to the assimilation
data set. This observation should have been
removed during the preprocessing because it
was rejected, according to the flag assigned by
the data provider, as not being representative of
background conditions.
The S2 posterior concentrations also generally
better match the observations than the prior. Compared with the S1 posterior, the baseline of the
two were similar during winter and spring, but S2
baseline was lower than that of S1 in summer, and
slightly higher in autumn (Fig. 5).
The annual mean of the residuals between
the observations and prior concentrations again
showed that the prior estimates were generally
higher than the observations; a histogram of the
residuals was positively skewed, and the root
mean square error (RMSD) was about 1.5 times
greater than the standard deviation (Fig. 7). The
residuals using the S1 posterior mole fractions
were closer to normal distribution (the left and
right tails of the histogram are almost equally
long), the mean of the residuals was much closer

to zero than that of the prior, and the differences
between the standard deviation and the RMSD
was only about 0.2 ppb. This confirms that the
S1 posterior matched the observations better
than the prior. Comparing the residuals of the S1
and S2 posterior, the mean residual was about
4 ppb greater in S2, the S2 standard deviation
was a little greater, and RMSD was not as close
to its standard deviation as that in S1. Thus, the
S1 residuals at Pallas more closely resemble a
normal distribution as compared with the S2
residuals, and the S1 mole fractions matched the
observations better. Some outliers were seen in
the S1 residuals, which mainly resulted from the
high concentrations estimated in autumn.
Next, two test runs with TM5 were performed to assess the effect of the anthropogenic
and biosphere emissions on the methane concentration at Pallas. TM5 was run using the S1
posterior emissions with either the European
anthropogenic emissions or the European biosphere emissions artificially set to zero (Fig. 8).
Here, Europe was defined as an aggregate of
four regions: northeast, northwest, southeast
and southwest Europe. The posterior concentrations (Fig. 8a) indicate that the baseline was
lower than the observations throughout the year
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Fig. 7. Histograms and statistics of the residuals between FMI continuous observations and TM5-modeled mole
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Fig. 8. Measured and modeled atmospheric methane for 2007 at Pallas. Thick grey lines are FMI continuous observations, and thin red lines show modeled mole fractions using weekly posterior emissions, in which the European
(a) anthropogenic and (b) biosphere emissions were artificially set to zero.

when European anthropogenic emissions were
excluded. Without European anthropogenic
emissions, simulated CH4 failed to capture most
of the peaks during winter and spring, but the
summer and autumn peaks were well captured.
Some peaks in late autumn and small peaks
during winter and spring were seen episodically
at Pallas, which may be due to long-range trans-

port from Russia (Siberia). The posterior mole
fractions (Fig. 8b) indicate that the baseline
follows the observations well in the beginning of
the year and throughout the spring, but it was too
low during the rest of the year. Winter and spring
peaks were well captured (see Fig. 8b), but only
few of summer and autumn peaks were generated. This shows that winter and spring concen-
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Fig. 9. Differences in estimated hourly mole fractions for 2007 using posterior emissions estimated with and without
assimilating NOAA Pallas observations. The hourly mole fractions were estimated using a forward model (TM5).
Note the differences in the y-axis scales.

trations at Pallas contain mainly anthropogenic
signals, whereas summer and autumn concentrations are affected by the biosphere emissions.
The effect of the Pallas observations was
also seen at nearby sites, such as Sodankylä and
Teriberka. The differences between the S1 and
S2 mole fractions at those sites showed similar
features that were found for Pallas (Fig. 9). The
differences were small during winter and spring,
but large in summer and autumn; the differences were positive during mid-June–July and
September–early October, but negative in the
beginning of August and between mid-October
and mid-November. Although MGO discrete air
sample observations were assimilated for Teriberka, many late summer and autumn observations were rejected (Fig. 6). Therefore, the effect
of Pallas observations was greater as compared

with that of other sites, such as Zeppelinfjellet, where most of NOAA discrete air sample
observations were assimilated throughout the
year. For other nearby sites, such as Baltic Sea,
Ochsenkopf, and Ocean Station M, the differences between S1 and S2 posterior mole fractions were small. In the beginning of December,
both anthropogenic and biosphere S1 emissions
in northwest Europe were ca. 0.05 Tg CH4
week–1 lower than those of S1, which resulted in
lower S1 mole fractions at Baltic Sea, Ochsenkopf, and Ocean Station M. The differences
were small as compared with those in biosphere
emissions in northeast Europe, which differed
as much as 0.16 Tg CH4 week–1 during summer.
This suggests that Pallas has only small effect on
northwest European emissions also in winter.
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Fig. 10. Anomalies of monthly XCH4 (column averaged mixing ratios) at Sodankylä. Filled circles are monthly
means, and the vertical bars are the standard deviations. The FTIR monthly detrended seasonal cycle was calculated from all data from 2009–2012. Coloured lines are TM5 estimates for 2007, using monthly prior and weekly
posterior emission fields. The posterior emissions were optimized assimilating all global flask measurements (S1),
and all but the NOAA Pallas observations (S2). The nearest observations to Sodankylä are from Pallas.

The seasonal cycle in Sodankylä column
averaged mixing ratio
Here, we compare Sodankylä FTIR observations
with modeled column averaged mixing ratios of
methane (XCH4). The Sodankylä XCH4 data
were not assimilated in the model. Detrended
monthly averages of the XCH4 observations were
calculated using all data of the period 2009–2012,
and the model data from 2007. Note that the
observations and the model data do not overlap.
The monthly column-averaged mixing ratios
for 2007 were estimated with TM5 using the
prior and posterior emissions for the 1° ¥ 1°
grid box containing Sodankylä. Monthly statistics were calculated from daily 3D atmospheric
concentration fields, and the annual mean was
subtracted to compare the shapes of the seasonal
cycle with that of Sodankylä FTIR measurements (Fig. 10). The mean of all the measurements was subtracted to calculate the anomalies
of the measurements. The observations showed a
XCH4 decrease in spring, and an increase from
the summer towards winter. The prior estimates
failed to capture the shape of the seasonal cycle
of the observations. The prior showed ca. 20 ppb
XCH4 increase from the beginning to the end of
the year, whereas the observations showed no
such increase. The shape of posterior estimates
matched the observations better; the means and

standard deviations of the anomalies were within
the two standard deviations of the anomalies of
the measurements throughout the year.
The differences between the S1 and S2 estimates were very small. The S1 means were
slightly lower in June and higher in July than
the S2 means. This illustrates that the Pallas
observations had no large effect on the column
averages in the inversion, which is expected as
the column integrates the effect of air masses
that are influenced by emissions over large areas.
Emission estimates for Europe
As compared with the prior estimates, posterior
estimates of annual biosphere and anthropogenic emissions for Europe showed reductions
(Table 2). The magnitude of the CH4 emission
reduction was greater for the biosphere CH4
emissions than for anthropogenic CH4 emissions,
whose estimates were reduced from 19.10 to
11.64 (± 8.76) Tg y–1 in S1 and 12.64 (± 10.40)
Tg y–1 in S2. The greatest change was seen
between June and October for the biosphere CH4
emissions (Fig. 11), which was also illustrated in
the comparison of atmospheric mole fractions at
Pallas. The estimated anthropogenic CH4 emissions for Europe were reduced from 44.67 to
35.88 (± 5.57) Tg y–1 in S1 and 35.62 (± 5.62)

• Evaluation of atmosheric methane inversion model

Boreal Env. Res. Vol. 20

CH4 emission (Tg month–1)

6

prior bio
posterior bio, S1
posterior bio, S2

5

519

prior anth
posterior anth, S1
posterior anth, S2

4
3
2
1
0

Jan

Feb

Mar

Apr

May

Jun

Jul

Aug

Sep

Oct

Nov

Dec

Fig. 11. Monthly biosphere and anthropogenic emissions of CH4 in Europe estimated for 2007. Black lines show
posterior emissions with (S1) and without (S2) weekly NOAA Pallas observations assimilated in the model. Prior
emissions for biosphere were obtained from the LPJ-WHyMe vegetation model, and the EDGARv4.2 inventory was
used for prior anthropogenic emissions. The seasonal variation in the prior anthropogenic emissions comes from
the differences in the number of days per month.

Tg y–1 in S2 posterior emissions. Although the
prior anthropogenic emissions were constant
over the year, some seasonal variability was
introduced in the posterior estimates (Fig. 11).
The regional emission estimates in the S1
and S2 runs were quite similar (Table 2). The
S1 posterior estimate for the biosphere emissions was 1.0 Tg CH4 y--1 lower than the S2
estimate. For anthropogenic emissions, the S1
estimate was 0.3 Tg CH4 y--1 higher than the S2
estimate. As expected, the largest differences in
the two posterior biosphere emissions as well
as in the anthropogenic emissions were found

for northeastern Europe, where Pallas is located.
However, these differences were not statistically
significant (t-test: n = 180, p > 0.05). The differences in the monthly mean estimates between
the S1 and S2 European biosphere emissions
were also small. One of the reasons was, for
example, the S1 emission estimate in July was
ca. 10% smaller in northeast of Europe than the
S2 estimates, but it was about the same percentage greater in northwest Europe, resulting in
only small differences between the S1 and S2
estimates when estimates were aggregated over
Europe (figure not shown).

Table 2. Estimated annual CH4 emissions ± uncertainties (Tg y–1) for six TransCom regions and Europe for 2007.
The prior estimate of anthropogenic emissions was from the EDGAR v4.2 inventory, and that of the biosphere was
from the LPJ-WHyMe vegetation model. Two posterior emission estimates are given, with Pallas observations
included (S1) and without (S2). Due to the definition of land ecosystem map, biosphere emissions for southwestern
and southeastern Europe were not optimized, therefore uncertainties are not given. The last row is the sum of the
four European regions.
TransCom region

North American boreal
Eurasian boreal
Southwestern Europe
Southeastern Europe
Northwestern Europe
Northeastern Europe
Europe

Biosphere	Anthropogenic
Prior

Posterior S1

Posterior S2

Prior

Posterior S1

Posterior S2

10.16
15.77
1.63
0.86
4.83
11.78
19.10

9.18 ± 7.15
14.93 ± 10.65
1.63
0.86
4.08 ± 2.81
5.07 ± 5.94
11.64 ± 8.76

8.89 ± 7.15
15.25 ± 10.65
1.63
0.86
4.40 ± 2.96
5.75 ± 7.45
12.64 ± 10.40

0.47
9.19
10.98
8.12
9.36
16.21
44.67

0.45 ± 2.60
9.08 ± 4.48
8.09 ± 0.80
7.14 ± 0.73
5.46 ± 1.45
15.19 ± 2.59
35.88 ± 5.57

0.46 ± 2.60
8.98 ± 4.49
8.05 ± 0.80
7.15 ± 0.74
5.54 ± 1.47
14.88 ± 2.61
35.62 ± 5.62
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Fig. 12. Annual mean uncertainty reduction rates (%): 1 – posterior/prior. (a and b) Discrete air sample observations, and (c and d) observations except those at NOAA Pallas. (a and c) Biosphere emissions, and (b and d)
anthropogenic emissions.

At high northern latitudes (North American
boreal, Eurasian boreal and Europe), our S1 posterior estimates for 2007 was 81.16 (± 39.22) Tg
CH4 y–1, which is within the estimated range of
Bruhwiler et al. (2014). However, our biosphere
emission estimates were more than 10 Tg CH4 y–1
greater than their estimates, leaving a smaller
contribution from the anthropogenic emissions.
The biosphere and anthropogenic emissions at
high northern latitudes in our S1 estimates were
35.75 (± 26.56) and 45.42 (± 12.65) Tg CH4 y–1,
respectively.
Uncertainties
The annual mean uncertainty reduction (1 –
posterior/prior) was calculated for each region
(Fig. 12). Here, uncertainty refers to the standard deviation of the ensembles. As expected,
the uncertainties were reduced by the inversion.
The maximum reduction rates for biosphere
and anthropogenic emissions were in northeast
Europe (ca. 33%) and in southwest Europe (ca.
44%), respectively. Reduction rates were generally greater where the prior uncertainties were
large, and enough observations were available.
For example, the reduction rate was high in Asia,
where the prior anthropogenic uncertainties were

large (figure not shown), but many observations
were assimilated. On the other hand, the reduction rate was small in Russian boreal, where the
prior uncertainty was large, but no observations
were available.
Comparison of the posterior uncertainties of
the S1 and S2 emission estimates showed that
they were ca. 20% smaller in S1 biosphere estimates for northeastern Europe (Fig. 13). The
differences in the other regions were between
–0.07% and 0.01% for the biosphere emissions
and –1.2% and 0.4% for the anthropogenic emissions.

Discussion
The RMSDs between atmospheric mole fractions in the model and observations at Pallas
were less than half in the posterior than in the
prior estimates. The residuals between the S1
and S2 estimates showed that the effects of the
Pallas observations on the inversion was substantial in summer and autumn, but low in winter
and spring. Tests where European biosphere
or anthropogenic emissions were set to zero
showed that winter and spring concentrations
were mostly affected by anthropogenic emissions, and summer and autumn concentrations
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Fig. 13. Relative differences (%) in the posterior
annual mean uncertainties are shown for (a) biosphere and (b) anthropogenic emissions between
two runs, one with (S1)
and another without (S2)
NOAA Pallas observations assimilated (1 – S1/
S2). The negative colours
show that the posterior
uncertainties were smaller
in the S1 estimates.

b

were mainly affected by biosphere emissions.
Since Pallas is located in a region of higher summertime biosphere emissions, this confirms the
findings of Bruhwiler et al. (2014) that the Pallas
observations constrain mostly signals from biosphere emissions, and little from the anthropogenic emissions.
The posterior uncertainties and the error
reduction in the S1 and S2 estimates differed
most for the biosphere emissions in northeast
Europe, where Pallas is located. For other biosphere regions and anthropogenic regions, the
posterior uncertainties and the reduction rates
were almost equal. Thus, the effect of Pallas
discrete air sample observations was large in
the region where Pallas is located, but small
elsewhere. This highlights the ability of the
Pallas observations to reduce the uncertainties of
biosphere emissions estimates in the region, but
they have little influence on the anthropogenic
emissions.
The effect of Pallas observations on the
column averaged mixing ratios of methane was
not as clearly seen as for the surface mixing
ratios. The differences between shapes of seasonal cycles of S1 and S2 Sodankylä XCH4

–10.0
–12.5
–15.0
–17.5
–20.0

estimates were small, although some differences were seen in June and July. There was a
decrease in the mean S1 XCH4 from May to
June, and an increase from June to July, but
the mean S2 XCH4 remained stable from May
to June, and decreased from June to July. The
monthly changes of S1 match the observations
better during the period. The differences between
the observations and S1 and S2 estimates were
within the estimates by other studies, such as
Saito et al. (2012), who estimated a spring model
bias of 23.6 ppb. The spring overestimation of
the modeled XCH4 in this study may be due to
the TM5 model bias in the stratosphere (Alexe et
al. 2014, Bergamaschi et al. 2013).
As continuous observations bring a wealth of
additional information to constrain the inversion,
and may substantially improve the accuracy of
optimised emission estimations, we will in our
next study use the continuous observations that
are available globally.
Furthermore, another useful assessment
would be to carry similar tests for other sites.
This study suggests that removing Teriberka
observations would have little impact on the
biosphere emissions, as Pallas observations con-
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strain biosphere emissions in northeast Europe
well. Also, the differences between S1 and S2
mole fractions at Teriberka suggest that it has
little influence on winter anthropogenic emissions. Removing all observations from Baltic
Sea, Ochsenkopf, and Ocean Station M would
influence anthropogenic emission estimates for
northern Europe, especially during summer, due
to their location, and because Pallas has little
influence on summertime anthropogenic emissions. However, this study is limited for assessing the effects of the Baltic Sea, Ochsenkopf,
and Ocean and Zeppelinfjellet observations on
surface fluxes in the inversion.

Conclusions
In this study, we explored the ability of European
CarbonTracker-CH4, build with the TM5 chemistry-transport model as an observation operator, to estimate CH4 emissions in Europe and
boreal region. We specifically looked at the role
of the Pallas Station observations by analysing
the simulated CH4 time series with and without
assimilating NOAA Pallas discrete air sample
observations. The present analysis shows that
European CarbonTracker-CH4 is able to estimate
the emissions in northern Finland well. Using
optimized emissions, simulated Pallas surface
CH4 mole fractions agree well with independent
observations. The simulation without Pallas discrete air sample observations underestimate posterior mole fractions during summer and early
autumn. Emission estimates in Europe show
that the influence of Pallas discrete air sample
observations on uncertainty reduction is larger in
European biosphere emissions than in anthropogenic emissions. The influences in other boreal
regions were small. Those indicate that Pallas
observations mostly constrain biosphere emissions in the European boreal region. This shows
that a dense observation network that constrains
different emission sources is important for further development of emission estimates using
inverse models. Model performance at other
sites and the influence of other observations such
as continuous measurements, are an extension of
this work to be considered.
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Abstract. We present a global distribution of surface
methane (CH4 ) emission estimates for 2000–2012 derived
using the CarbonTracker Europe-CH4 (CTE-CH4 ) data assimilation system. In CTE-CH4 , anthropogenic and biospheric CH4 emissions are simultaneously estimated based
on constraints of global atmospheric in situ CH4 observations. The system was configured to either estimate only
anthropogenic or biospheric sources per region, or to estimate both categories simultaneously. The latter increased
the number of optimizable parameters from 62 to 78. In
addition, the differences between two numerical schemes
available to perform turbulent vertical mixing in the atmospheric transport model TM5 were examined. Together,

the system configurations encompass important axes of uncertainty in inversions and allow us to examine the robustness of the flux estimates. The posterior emission estimates are further evaluated by comparing simulated atmospheric CH4 to surface in situ observations, vertical profiles of CH4 made by aircraft, remotely sensed dry-air total column-averaged mole fraction (XCH4 ) from the Total
Carbon Column Observing Network (TCCON), and XCH4
from the Greenhouse gases Observing Satellite (GOSAT).
The evaluation with non-assimilated observations shows that
posterior XCH4 is better matched with the retrievals when
the vertical mixing scheme with faster interhemispheric exchange is used. Estimated posterior mean total global emis-
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sions during 2000–2012 are 516 ± 51 Tg CH4 yr−1 , with an
increase of 18 Tg CH4 yr−1 from 2000–2006 to 2007–2012.
The increase is mainly driven by an increase in emissions
from South American temperate, Asian temperate and Asian
tropical TransCom regions. In addition, the increase is hardly
sensitive to different model configurations (< 2 Tg CH4 yr−1
difference), and much smaller than suggested by EDGAR
v4.2 FT2010 inventory (33 Tg CH4 yr−1 ), which was used
for prior anthropogenic emission estimates. The result is in
good agreement with other published estimates from inverse
modelling studies (16–20 Tg CH4 yr−1 ). However, this study
could not conclusively separate a small trend in biospheric
emissions (−5 to +6.9 Tg CH4 yr−1 ) from the much larger
trend in anthropogenic emissions (15–27 Tg CH4 yr−1 ). Finally, we find that the global and North American CH4 balance could be closed over this time period without the previously suggested need to strongly increase anthropogenic
CH4 emissions in the United States. With further developments, especially on the treatment of the atmospheric CH4
sink, we expect the data assimilation system presented here
will be able to contribute to the ongoing interpretation of
changes in this important greenhouse gas budget.

1 Introduction
Methane (CH4 ) is a greenhouse gas with global warming potential 28 times that of carbon dioxide (CO2 ) on a 100-year
time horizon (Azar and Johansson, 2012; Boucher, 2012; Peters et al., 2011; Reisinger et al., 2010). Following years
of almost no growth during 1999–2006, atmospheric CH4
started to increase again in 2007 (Rigby et al., 2008; Dlugokencky et al., 2009). The growth rate of globally averaged
atmospheric CH4 from 2007 to 2012 was 5.7 ppb per year,
which represents a significant change to the global CH4 budget. The mechanisms behind this increase are still debated
(e.g. Heiman, 2011; Dlugokencky et al., 2011; Dalsøren et
al., 2016).
Methane is mainly emitted by anthropogenic activities and
natural biogenic processes, followed by minor contributions
from biomass burning, oceans, inland water bodies and geologic activities. The main anthropogenic sources are fugitive emission from solid fuels, leaks from gas extraction and
distribution, agriculture, and waste management. Anthropogenic CH4 emissions account for more than half of total
CH4 emissions from land and oceans (Kirschke et al., 2013;
Saunois et al., 2016). Anthropogenic CH4 emissions have increased significantly since preindustrial times largely due to
the heavy use of fossil fuels, but also due to the increase in
ruminants, landfills and rice fields corresponding to the increase in human population (Ghosh et al., 2015). This has
resulted in a steep increase in the amount of CH4 in the atmosphere. Previous studies suggest that anthropogenic CH4
emissions did not increase significantly, or even decreased,
Geosci. Model Dev., 10, 1261–1289, 2017

during the 1980s and 1990s (Bousquet et al., 2006; Dlugokencky et al., 1998), which may have been one of the causes
of stabilization of the atmospheric CH4 burden from 1999
to 2006 (Dlugokencky et al., 2003). Although the changes
in CH4 emissions in more recent years have not been satisfactorily explained, recent studies indicate an increase in the
CH4 emissions from biogenic sources (Schaefer et al., 2016;
Schwietzke et al., 2016; Nisbet et al., 2016) and large CH4
emissions from the tropics in the 21st century (Saunois et al.,
2016). Methane emissions from natural wetlands account for
around 30 % of total CH4 emissions (Kirschke et al., 2013).
Wetlands and peatlands are the major sources of natural biospheric CH4 emissions. Most peatlands are in high northern
latitudes, whereas large wetland areas are located in the tropics. Emissions from natural biospheric sources have strong
seasonal and interannual variability (Spahni et al., 2011),
contributing substantially to seasonal and interannual variability in the atmospheric CH4 burden (Meng et al., 2015).
In addition, photochemical reaction with hydroxyl (OH) in
the troposphere, the major sink of CH4 , has strong effects on
the annual cycle of atmospheric CH4 .
Attributing the observed changes in CH4 burden to
changes in emission sources is difficult because variations
in CH4 emissions from both anthropogenic and biogenic
sources are not sufficiently understood. In addition, considerable uncertainty remains on changes in the lifetime of atmospheric CH4 . Montzka et al. (2011) found an increase in
OH concentrations in the beginning of the 21st century, followed by a decrease in OH concentrations after 2004–2005.
More recently, Ghosh et al. (2015) and Dalsøren et al. (2016)
also obtained a decrease in the CH4 lifetime in their simulations. McNorton et al. (2016) showed that although interannual variability of OH may be small, small changes in OH
concentrations could lead to significant changes in CH4 concentrations. On the other hand, Rigby et al. (2008) suggested
that a decrease in tropospheric OH concentration could be
one of the reasons for the increase in atmospheric CH4 after
2007. The uncertainty in changes in OH concentrations and
its relation to the CH4 burden still remains large (Prather et
al., 2012), and needs to be further assessed.
Several inverse models have been developed to estimate
CH4 emissions and their contribution to the atmospheric CH4
burden (e.g. Bousquet et al., 2006; Bruhwiler et al., 2014;
Houweling et al., 2014; Fraser et al., 2013; Meirink et al.,
2008). Emission estimates vary among models (e.g. Kirschke
et al., 2013; Locatelli et al., 2013; Bergamaschi et al., 2015;
Tsuruta et al., 2015) as these inverse systems rely on specific
choices in the design of the inverse problem. Inputs, such
as prior emission fields and observations, and the transport
model used in inversions play a major role in regional and
continental emission estimates. Depending on the optimization method and available information, it may or may not
be possible to derive information at small spatial scales. For
example, the computational cost in adjoint models (Bergamaschi et al., 2015; Belikov et al., 2013; Houweling et al.,
www.geosci-model-dev.net/10/1261/2017/
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2014; Meirink et al., 2008) is not highly dependent on the
number of scaling factors used to “scale” the prior (first guess
of emission estimates) in order to get optimized (posterior)
emissions, i.e. such models have the ability to perform gridscale optimization globally. The computational cost in some
other methods, such as in Thompson and Stohl (2014) and
Zhao et al. (2009) depend on the number of scaling factors
as the method directly uses their very large covariance matrix. In that case, grid-scale optimization is possible without any asymptotic assumptions, but only for regional domains, because the dimensions of the covariance matrix for a
global domain become too large, even for current computational capability. Ensemble Kalman filter (EnKF)-based systems (Bruhwiler et al., 2014; Tsuruta et al., 2015) typically
have smaller computational limitations related to the number of scaling factors. By representing the state covariance
matrix with a limited number of samples of the state (ensemble members), the computational cost depends mostly on the
number of ensemble members. The trade-off in these methods comes as an approximation of the cost function minimum
that only improves with more ensemble members, and thus
more cost.
The simultaneous estimation of biospheric and anthropogenic contributions to the CH4 budget is more difficult
when both emissions are in the same location. Prior information from an underlying ecosystem distribution map can
be useful, as it defines the location of the biospheric sources.
CH4 emissions also depend on soil properties (Spahni et al.,
2011), and therefore the distribution of wetlands and their
inundation extent can be used as prior information. This approach has the advantage that emission estimates from different source categories and ecosystem types can be optimized separately by the application of different scaling factors. However, it is known that the spatial distribution of CH4
sources relies heavily on these prior estimates, and that emissions cannot be assigned to regions outside of the predefined
source regions. If the distribution in the prior or the ecosystem map is incorrect, the emission estimates would not be
optimized appropriately. This approach was implemented in
Tsuruta et al. (2015), and will be evaluated further in this
study.
In this study, we examine emission estimates for 2000–
2012 from CarbonTracker Europe-CH4 (CTE-CH4 ) with
three configurations in an attempt to report a more meaningful mean and uncertainty range than those from only one
simulation. CTE-CH4 is a version of the European branch of
CarbonTracker data assimilation systems (Peters et al., 2005,
2010; van der Laan-Luijkx et al., 2015). The inversions were
designed to examine uncertainties related to parametrization in the system, as well as using different vertical transport schemes. The choice reflects the finding by Locatelli et
al. (2013) that the regional flux estimates can differ by up
to 150 % on a grid-scale depending on the transport model.
On the larger scale, one important property is the interhemispheric (IH) exchange rate, which has strong effects on the
www.geosci-model-dev.net/10/1261/2017/
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north–south gradient (Locatelli et al., 2013). The strong influence of the vertical mixing scheme was also shown by
Olivié et al. (2004), which will be explicitly examined in
this study. For the evaluation, simulated atmospheric CH4
was compared with data from in situ observation sites to
evaluate the statistical consistency of the CH4 emission estimates. Furthermore, non-assimilated observations from aircraft campaigns in Europe, and ground- and satellite-based
retrievals of dry air total column-averaged mole fraction
(XCH4 ) values from the Total Carbon Column Observing
Network (TCCON) and Greenhouse gases Observing Satellite (GOSAT) were used to evaluate vertical and long-range
transport. Details of the data assimilation system and its designs are described first in Sect. 2, as well as the observations used to drive and evaluate the estimates. The evaluation
is discussed in Sect. 3.1, 3.2 and 3.3, followed by the range
of global and regional CH4 budget estimates (Sect. 3.4). Results are discussed in Sect. 4, comparing them to other recent
estimates, and summarized in Conclusions (Sect. 5).
2 Methods and datasets
2.1

CTE-CH4

CTE-CH4 is an atmospheric inverse model that optimizes
global surface CH4 emissions region-wise based on an EnKF
(Evensen, 2003) used to minimize a cost function:



T
J = x − x b P−1 x − x b + (y − H (x))T R−1

(1)

E = G (x) Eb ,

(2)

(y − H (x)),

where x (dimension N) is a state vector that contains a set of
scaling factors that multiply the CH4 surface emissions (E,
dimension 360 × 180, latitude × longitude degrees) that we
wish to optimize, starting from a prior estimate of these emissions (Eb [360 × 180]) and scaling factors x b [N ]. P [N ×N ]
is the covariance matrix of the state vector, y (dimension M)
is a vector of atmospheric CH4 observations, R [M × M] is
a covariance matrix of the observations y, and H is an observation operator [M × N]. The operator G transforms the
regionally estimated scaling factors x to a 1◦ ×1◦ global map,
which are used to scale prior emissions E. The cost function
in Eq. (1) is minimized using an EnKF (Evensen, 2003) with
500 ensemble members, and the TM5 chemistry transport
model (Krol et al., 2005) was used as an observation operator that transforms emissions E into simulated atmospheric
CH4 (H (x)). The emissions E were optimized weekly, with
an assimilation window smoother length of 5 weeks.
In this study, anthropogenic and biospheric emissions were
optimized, while emissions from other sources (fire, termites,
and oceans) were not optimized (see Sect. 2.3). The optimal
weekly mean CH4 fluxes (Ftot ), in region r and time (week)
Geosci. Model Dev., 10, 1261–1289, 2017
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Figure 1. Modified TransCom (mTC) regions illustrated in numbers and colours and locations of sites with observations assimilated in the
inversions. The names of the mTCs regions are given in Table 5.

t, were calculated as follows:

Table 1. List of inversion setups.

Ftot (r, t) = λbio (r, t) × Fbio (r, t) + λanth (r, t) × Fanth (r, t)
+ Ffire (r, t) + Fterm (r, t) + Foce (r, t),

where Fbio , Fant , Ffire , Fterm , Foce , are the prior emissions
from the biospheric, anthropogenic activities, fire, termites
and oceans, respectively.
The optimization regional definition of CTE-CH4 is defined based on modified TransCom (mTC) (Fig. 1) and landecosystem regions (Fig. S4). Land-ecosystem regions in a
1◦ × 1◦ grid were defined based on Prigent et al. (2007)
and Wania et al. (2010), as in the LPJ-WHyME vegetation
model (Spahni et al., 2011), and contain six land ecosystem
types (LETs): inundated wetland and peatland (IWP), wet
mineral soil (WMS), rice (RIC), anthropogenic land (ANT),
water (WTR) and ice (ICE). Large lakes, the Mediterranean
Sea, and other large bay areas were defined as WTR, similarly to Peters et al. (2007). ICE corresponds to the ice
region in the mTC definition. The remainder of the landecosystem regions were defined according to the fraction
of IWP, WMS and RIC used in LPJ-WHyME. To limit the
number of degrees of freedom, only one dominant LET was
assigned to each grid cell. In the following cases, the LET
with the largest fraction was chosen. For grid cells where
the fraction of IWP, WMS or RIC was larger than 0.1, either IWP, WMS or RIC was assigned. IWP or WMS was
assigned for grid cells where the fraction of IWP or WMS
were smaller than 0.1, and the prior anthropogenic emission estimates (EDGARv4.2 FT2010, see Sect. 2.3) including emissions from rice fields were zero. Furthermore, if
the LPJ-WHyME biospheric emission estimates exceeded
the EDGARv4.2 FT2010 emission estimates by more than
200 %, either IWP or WMS was assigned. However, if the
Geosci. Model Dev., 10, 1261–1289, 2017

Inversion

Number of parameters and
optimized sources∗

TM5
convection

L62 T

62, anthropogenic
OR biospheric
78, anthropogenic
AND biospheric
62, anthropogenic
OR biospheric

Tiedtke (1989)

(3)
L78 T
L62 G

Tiedtke (1989)
Gregory et al.
(2000)

∗ Optimized sources per optimization region

EDGARv4.2 FT2010 emission estimates were much larger
than the LPJ-WHyME biospheric emission estimates, either
ANT, RIC or WTR was assigned.
In one of the two model configurations referred to as L62
(see also Table 1 for an overview of configurations), anthropogenic emissions were optimized in optimization regions
where LETs are RIC, ANT or WTR (i.e. λbio (r, t) = 0), and
biospheric emissions were optimized in optimization regions
where LETs are either IWP or WMS (i.e. λanth (r, t) = 0).
This mutually exclusive approach resulted in 28 biospheric
regions and 34 anthropogenic optimization regions, i.e. 62
scaling factors λ(t) = (λbio (t), λanth (t)) to be optimized per
week globally. This number of scaling factors was smaller
than theoretically expected (20 mTCs × 5 land-ecosystem regions = 100 scaling factors) because some mTCs contain less
than five ecosystem types. In the second configurations referred to as L78 , both λbio (r, t) and λanth (r, t) were optimized
in each optimization region. In that case, the regional definition of the scaling factors for biospheric emissions was based
on the combination of mTCs and land-ecosystem regions,
www.geosci-model-dev.net/10/1261/2017/
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but oceans were treated as one region instead of five (i.e.
58 biospheric regions). The mTCs (20 regions) were used
for the anthropogenic emissions. This resulted in 78 scaling
factors to be optimized per week globally. Note that scaling
factors were optimized based on sensitivities in the EnKF
(represented in Kalman Gain matrix), and thus there is no
explicitly prescribed system for choosing which of the scaling factors (λbio (r, t) or λanth (r, t)) are adjusted more in each
optimization region. A discussion of the application of landecosystem distribution maps and their effect on CH4 emission inversions for a short period during summer 2007 is also
included in the Supplement of this study.
For the prior uncertainty, variance of the scaling factors
was set to 0.8 for all optimization regions, except for the
“Ice” region (Fig. S4), which was set to 1 × 10−8 . Emissions
from the “Ice” region contribute only 0.02 % of the global total emissions, and we did not expect the inversions to be able
to optimize the emissions well. For L62 , an informative covariance matrix was used; the scaling factors for biospheric
and anthropogenic emissions were assumed to be independent, and biospheric scaling factors were assumed to be correlated among mTCs based on the distance between the centres of the optimization regions (see Supplement for further
details). For L78 , a non-informative covariance matrix was
used, i.e. all optimization regions were assumed to be independent.
2.2

TM5 chemistry transport model

The atmospheric chemistry transport model TM5 (Krol et
al., 2005) was used as an observation operator. TM5 was
run with a 1◦ × 1◦ (latitude × longitude) zoom region over
Europe (24–74◦ N, 21◦ W–45◦ E), framed by an intermediate
zoom region of 2◦ ×3◦ , and a global 4◦ ×6◦ degree resolution,
driven by 3-hourly ECMWF ERA-Interim meteorological
fields with 25 vertical layers. The atmospheric chemical loss,
i.e. oxidation of CH4 initiated by reaction with OH, chlorine
(Cl) and an electronically excited state of oxygen (O(1 D)),
was pre-calculated based on Houweling et al. (2014) and
Brühl and Crutzen (1993), and it was not adjusted in the optimization scheme. The atmospheric lifetime of CH4 estimated
from the global total annual mean atmospheric chemical loss
during 2000–2012 was about 9.7 years. Interannual variability was not applied in the removal rates of the CH4 sinks.
To establish reasonable initial conditions for the global
distribution of CH4 abundance, TM5 was run twice consecutively for 1999, starting from a uniform abundance of
1600 ppb globally using prior emission estimates. Using the
final values, CTE-CH4 was run for 2000, and the third run
was used to define the initial CH4 values at the beginning
of 2000. Since atmospheric CH4 concentrations did not increase significantly in 2000, it was assumed that this condition represents well-mixed initial atmospheric CH4 for the
experiments presented in this study.

www.geosci-model-dev.net/10/1261/2017/
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In this study, two different convection schemes were used
in TM5: Tiedtke (1989) (hereafter T1989) and Gregory et
al. (2000) (hereafter G2000). The two versions differ mainly
in vertical mixing in the troposphere: mixing is faster, and
atmospheric CH4 at the surface in the Northern Hemisphere
(NH) is expected to be smaller with G2000 compared to
T1989. Moreover, G2000 produces faster vertical mixing
near the surface and also has a faster IH exchange time compared to T1989.
2.3

Prior CH4 emissions

Five prior emission fields were used in this study and represented CH4 release from anthropogenic, biospheric, fire,
termite, and oceanic sources. Anthropogenic emissions accounted for about 60 % of total global annual CH4 emissions
during 2000–2012. For prior anthropogenic emissions, the
Emissions Database for Global Atmospheric Research version 4.2 FT2010 (EDGAR v4.2 FT2010) inventory was used.
The original inventory data coverage extends to 2010; for
2011–2012, emission fields were assumed to be the same
as 2010. Turner et al. (2016) suggested that a large increase in anthropogenic emissions from the United States
contributed significantly to the global growth in CH4 emissions during 2002–2014. Although the 2010–2012 increase
was not included in the prior, such an increase is expected
to be seen in the CTE-CH4 after optimization. A seasonal
cycle was not included in the EDGAR v4.2 FT2010 estimates. Emission estimates from the biogeochemistry model
LPX-Bern v1.0 (Spahni et al., 2013) were used as prior biospheric emissions, which accounted for about 30 % of prior
global total emissions. Emission estimates from rice fields
were excluded from the prior biospheric emissions because
they were already included in the prior anthropogenic emissions. In addition, consumption of CH4 by methanotrophic
bacteria in soils was estimated by LPX-Bern, and included
as surface sinks in CTE-CH4 . GFEDv3.1 (Randerson et al.,
2012; van der Werf et al., 2010) was used for emission estimates from large-scale biomass burning rather than the
EDGARv4.2 FT2010 inventory. GFEDv3.1 emission estimates accounted for about 3 % of prior global total emissions. The original data coverage is up to 2011, so the 2011
and 2012 emission fields were assumed to be unchanged
from the last year available. However, global fire emissions in
2012 were about 2 Tg CH4 yr−1 larger than in 2011, mainly
due to an increase in emissions in northwest Russia during the summer (GFEDv4.1; Giglio et al., 2013). Therefore, we must be aware of an additional uncertainty in the
spatial distribution of the emission sources, especially for
2012. Prior termite emissions are based on estimates from
Ito and Inatomi (2012) for 2000–2006, which accounted for
about 4 % of prior global total emissions. The 2006 estimate was also used for 2007–2012. The estimates by Ito and
Inatomi (2012) are about 10 Tg CH4 yr−1 smaller than the
estimates reported by Sanderson (1996) that were used in
Geosci. Model Dev., 10, 1261–1289, 2017
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Bergamaschi et al. (2007), for example. Prior emission estimates from “natural” open ocean were calculated assuming a supersaturation of CH4 in the seawater of 1.3 (Lambert and Schmidt, 1993), which accounted for about 1 %
of prior global total emissions. ECMWF ERA-Interim sea
surface temperature, sea ice concentration, surface pressure
and wind speed (Dee et al., 2011) were used to calculate
the solubility and the transfer velocity (Bates et al., 1966;
Tsuruta et al., 2015). No special treatment was applied to
coastal emissions of the “natural” ocean. In addition to the
“natural” ocean emission estimate, an “anthropogenic” ocean
emission estimate from EDGAR v4.2 FT2010 was added
to the prior. Sources of anthropogenic ocean emissions are
mainly from ships and other “non-road” transportation. This
includes emissions around coastlines. Prior fluxes from land
and ocean anthropogenic sources, and from land biospheric
sources, were optimized. Fluxes from fire, termites and natural ocean sources were not optimized.
2.4

Atmospheric CH4 observations

Atmospheric observations of CH4 abundance (reported in
units of dry-air mole fraction) collected from the World
Data Centre for Greenhouse Gases (WDCGG) were assimilated in CTE-CH4 . The set of observations consisted of discrete air samples and continuous measurements from several cooperative networks (Table 2). The observations were
filtered based on observation flags provided by each contributor to avoid the influence of strong local signals on
the inversions. For continuous observations, daily means
from selected hours were assimilated; afternoon observations
(12:00–16:00 LT) were selected for most sites, but for the
high altitude sites, night-time observations (00:00–04:00 LT)
were selected. These choices of sampling hours reflect a preference for well-mixed conditions that represent large source
areas, and are also better captured by the TM5 transport
model. Day–night selection was not applied to discrete observations. For each site, model–data mismatches (MDMs)
were defined considering both the observation error and the
transport model error, i.e. the ability of the transport model
to simulate the observations. Note that the latter error is often
much larger than the former. For the marine boundary layer
(MBL) and the high latitude Southern Hemisphere (HLSH)
sites, MDM was set to 4.5 ppb. For sites that capture both
land and ocean signals, MDM was set to 15 ppb. For sites that
capture signals from the land, MDM was set to 25 ppb. For
sites with a large variation in observations due to local influences, MDM was set to 30 ppb, and for the sites that appeared
problematic in the inversions, MDM was set to 75 ppb. Although the values of MDM are somewhat arbitrary, they are
based on a previous study by Bruhwiler et al. (2014) and
typically reflect the model forecast skill well. During assimilation, rejection thresholds were set as 3 times MDM, except for the MBL and HLSH sites. For these sites, rejection
thresholds were set to 20 times MDM because assimilation
Geosci. Model Dev., 10, 1261–1289, 2017

of these observations is important in the characterization of
background atmospheric CH4 . In this study, the observation
covariance matrix was assumed diagonal, i.e. no temporal or
spatial correlation between observations was taken into account.
2.5 Aircraft profiles for evaluation
Aircraft profiles of CH4 abundance with altitude provide information about atmospheric CH4 in general, but also specifically on vertical transport. Aircraft data from regular profiling that operated within the European CarboEurope project
at Orléans (France), Bialystok (Poland), Hegyhatsal (Hungary) and Griffin (UK) during 2006–2012, which is a part of
the European Union-funded IA (Integrating Activity) project
within the Integrated non-CO2 Greenhouse gas Observation
Systems (InGOS), were used for evaluation (Table 3). In
addition, data from an aircraft campaign performed within
the Infrastructure for Measurement of the European Carbon
Cycle (IMECC) project were used. The IMECC campaign
deployed a Learjet 35a with multiple vertical profiles from
close to the surface up to 13 km near several TCCON sites
in central Europe. For details on the airborne CH4 measurements the reader is referred to Geibel et al. (2012). Aircraft
observations were not assimilated in the inversions.
2.6 XCH4 dataset for evaluation
In addition to the aircraft profiles and surface CH4 measurements at in situ stations, XCH4 from the TCCON network
and the TANSO-FTS instrument on board the GOSAT spacecraft (Kuze et al., 2009) were used for evaluation. XCH4
data provided additional information in regard to long-range
transport and helped to assess the quality of the global
simulations. TCCON retrievals from the GGG2014 release
(Wunch et al., 2015) were used, and daily means were compared to simulated XCH4 at each site. For GOSAT retrievals,
the product reported by Yoshida et al. (2013) was used, and
the regional daily mean for each mTC was compared to the
corresponding simulation. The XCH4 datasets were not assimilated in the inversions.
To facilitate a fair comparison, posterior XCH4 were calculated using global 4◦ ×6◦ ×25 (latitude, longitude, vertical
levels) daily 3-dimensional (3-D) atmospheric CH4 fields.
For each retrieval, the global 3-D daily mean gridded atmospheric CH4 estimates were horizontally (latitude, longitude) interpolated to the location of the retrievals to create
the vertical profile of simulated CH4 . For comparison with
GOSAT and TCCON retrievals, the retrieval-specific averaging kernels (AKs) were applied to model estimates based on
Rodgers and Connor (2003):
Ĉ = ca + (h ◦ a)T (x − x a ),

(4)

where Ĉ is the quantity for comparison, i.e. XCH4 . The
scalar ca is the prior XCH4 of each retrieval, h is a verwww.geosci-model-dev.net/10/1261/2017/
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Table 2. List of surface in situ observation sites used in inversions. Model–data mismatch (MDM) is used in the observation covariance
matrix, and defining rejection threshold of the observations. Data type is categorized into two measurements (discrete (D) and continuous
(C)).
Station name

Country/Territory

Contributor

Latitude

Longitude

Elevation
(m a.s.l.)

MDM
(ppb)

ABP
ALT
ALT
AMS
AMT
AMY
ARH
ASC

Arembepe
Alert
Alert
Île Amsterdam
Argyle
Anmyeon-do
Arrival Heights
Ascension Island

NOAA/ESRL
NOAA/ESRL
ECCC
LSCE
NOAA/ESRL
KMA
NIWA
NOAA/ESRL

12.77◦ S
82.45◦ N
82.45◦ N
37.8◦ S
45.03◦ N
36.53◦ N
77.80◦ S
7.92◦ S

38.17◦ W
62.52◦ W
62.52◦ W
77.53◦ E
68.68◦ W
126.32◦ E
166.67◦ E
14.42◦ W

1
210
210
55
53
86
189
54

4.5
15.0
15.0
4.5
30.0
15.0
4.5
4.5

D
D
C
D
D
C
D
D

10/2006
01/1999
01/1999
10/2003
09/2003
02/1999
01/1999
01/1999

01/2010
12/2014
11/2012
03/2010
12/2008
12/2012
11/2014
12/2014

ASK
AZR
BAL
BGU
BHD
BKT
BKT
BME
BMW
BRW
BRW
BSC
CBA
CDL
CGO
CHL
CHM
CHR
CMN
COI
CPT
CPT
CRI
CRZ
CYA
DEU
EGB
EIC
ESP
ESP
ETL
FIK
FSD
GLH

Assekrem
Terceira Island
Baltic Sea
Begur
Baring Head
Bukit Koto Tabang
Bukit Koto Tabang
St. David’s Head
Tudor Hill
Barrow
Barrow
Black Sea
Cold Bay
Candle Lake
Cape Grim
Churchill
Chibougamau
Christmas Island
Monte Cimone
Cape Ochiishi
Cape Point
Cape Point
Cape Rama
Crozet
Casey Station
Deuselbach
Egbert
Easter Island
Estevan Point
Estevan Point
East Trout Lake
Finokalia
Fraserdale
Giordan
Lighthouse
Guam
Gunn Point
Gosan
Hateruma
Halley Bay
Hohenpeißenberg
Hegyhatsal
Heimaey
Izaña (Tenerife)
Izaña (Tenerife)
Jungfraujoch
Key Biscayne
Kollumerwaard
Cape Kumukahi
Sary Taukum
Plateau Assy

Brazil
Canada
Canada
France
USA
Republic of Korea
New Zealand
St. Helena, Ascension
und Tristan da Cunha
Algeria
Portugal
Poland
Spain
New Zealand
Indonesia
Indonesia
UK
UK
USA
USA
Romania
USA
Canada
Australia
Canada
Canada
Kiribati
Italy
Japan
Southern Africa
Southern Africa
India
France
Australia
Germany
Canada
Chile
Canada
Canada
Canada
Greece
Canada
Malta

NOAA/ESRL
NOAA/ESRL
NOAA/ESRL
LSCE
NOAA/ESRL
NOAA/ESRL
BMG_EMPA
NOAA/ESRL
NOAA/ESRL
NOAA/ESRL
NOAA/ESRL
NOAA/ESRL
NOAA/ESRL
ECCC
NOAA/ESRL
ECCC
ECCC
NOAA/ESRL
UNIURB/ISAC
NIES
NOAA/ESRL
SAWS
CSIRO
NOAA/ESRL
CSIRO
UBA
ECCC
NOAA/ESRL
CSIRO
ECCC
ECCC
LSCE
ECCC
UMLT

23.18◦ N
38.77◦ N
55.35◦ N
41.83◦ N
41.41◦ S
0.20◦ S
0.20◦ S
32.37◦ N
32.27◦ N
71.32◦ N
71.32◦ N
44.17◦ N
55.20◦ N
53.87◦ N
40.68◦ S
58.75◦ N
49.68◦ N
1.70◦ N
44.18◦ N
43.15◦ N
34.35◦ S
34.35◦ S
15.08◦ N
46.45◦ S
66.28◦ S
49.77◦ N
44.23◦ N
27.15◦ S
49.38◦ N
49.38◦ N
54.35◦ N
35.34◦ N
49.88◦ N
36.07◦ N

5.42◦ E
27.38◦ W
17.22◦ E
3.33◦ E
174.87◦ E
100.32◦ E
100.32◦ E
64.65◦ W
64.88◦ W
156.60◦ W
156.60◦ W
28.68◦ E
162.72◦ W
104.65◦ W
144.68◦ E
94.07◦ W
74.34◦ W
157.17◦ W
10.70◦ E
145.50◦ E
18.49◦ E
18.49◦ E
73.83◦ E
51.85◦ E
110.52◦ E
7.05◦ E
79.78◦ W
109.45◦ W
126.55◦ W
126.55◦ W
104.98◦ W
25.67◦ E
81.57◦ W
14.22◦ E

2728
40
28
30
80
865
896.5
30
30
11
11
3
25
630
94
76
393
3
2172
100
230
260
60
120
2
480
226
50
39
39
492
150
210
167

25.0
15.0
75.0
15.0
4.5
75.0
75.0
15.0
15.0
15.0
15.0
75.0
15.0
25.0
4.5
15.0
15.0
4.5
15.0
4.5
25.0
15.0
75.0
4.5
4.5
15.0
75.0
4.5
25.0
25.0
25.0
15.0
15.0
15.0

D
D
D
D
D
D
C
D
D
C
D
D
D
C
D
D
C
D
C
C
D
C
D
D
D
C
C
D
D
C
C
D
C
C

01/1999
01/1999
01/1999
04/2000
10/1999
01/2004
10/2009
01/1999
01/1999
01/1999
01/1999
01/1999
01/1999
06/2002
01/1999
04/2007
08/2007
01/1999
07/2008
01/1999
02/2010
01/1999
01/1999
01/1999
01/1999
01/1999
03/2005
01/1999
01/1999
03/2009
08/2005
05/1999
01/1999
10/2012

12/2014
12/2014
06/2011
10/2010
12/2014
11/2014
12/2013
01/2010
12/2014
12/2011
12/2014
12/2011
12/2014
12/2007
12/2014
12/2013
12/2010
10/2014
12/2011
12/2010
12/2014
12/2013
01/2013
11/2014
10/2014
07/2004
12/2012
12/2014
01/2002
12/2012
12/2012
11/2010
12/2012
12/2012

US Territory
Australia
Republic of Korea
Japan
UK
Germany
Hungary
Iceland
Spain
Spain
Switzerland
USA
Netherlands
USA
Kazakhstan
Kazakhstan

NOAA/ESRL
CSIRO
GERC
NIES
NOAA/ESRL
NOAA/ESRL
NOAA/ESRL
NOAA/ESRL
NOAA/ESRL
AEMET
EMPA
NOAA/ESRL
RIVM
NOAA/ESRL
NOAA/ESRL
NOAA/ESRL

13.43◦ N
12.25◦ S
33.15◦ N
24.05◦ N
75.58◦ S
47.80◦ N
46.95◦ N
63.34◦ N
28.30◦ N
28.30◦ N
46.55◦ N
25.67◦ N
53.33◦ N
19.52◦ N
44.45◦ N
43.25◦ N

144.78◦ E
131.05◦ E
126.12◦ E
123.80◦ E
26.50◦ W
11.01◦ E
16.65◦ E
20.29◦ W
16.48◦ W
16.48◦ W
7.99◦ E
80.20◦ W
6.28◦ E
154.82◦ W
75.57◦ E
77.88◦ E

2
37
144
47
30
985
344
118
2360
2360
3583
3
0
3
412
2519

15.0
75.0
15.0
15.0
4.5
25.0
75.0
15.0
15.0
15.0
15.0
25.0
15.0
4.5
75.0
25.0

D
D
C
C
D
D
D
D
D
C
C
D
C
D
D
D

01/1999
08/2010
02/2002
01/1999
01/1999
04/2006
01/1999
01/1999
01/1999
01/1999
02/2005
01/1999
01/1999
01/1999
01/1999
01/1999

12/2014
10/2014
05/2011
12/2010
11/2014
12/2014
12/2014
12/2014
12/2014
12/2013
12/2012
12/2014
12/2010
12/2014
08/2009
08/2009

GMI
GPA
GSN
HAT
HBA
HPB
HUN
ICE
IZO
IZO
JFJ
KEY
KMW
KUM
KZD
KZM

www.geosci-model-dev.net/10/1261/2017/
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Table 2. Continued.
Station name

Country/Territory

Contributor

Latitude

Longitude

Elevation
(m a.s.l.)

MDM
(ppb)

LAU
LAU
LEF
LLB
LLB

Lauder
Lauder
Park Falls
Lac La Biche
Lac La Biche
(Alberta)
Lülin
Lampedusa
Île Grande
Mawson
High
Altitude
Global
Climate
Observation Center
Mace Head
Sand Island
Mt. Kenya
Mauna Loa
Mauna Loa
Minamitorishima
Macquarie Island
Natal
Neuglobsow
Gobabeb
Niwot Ridge
(T-van)
Ochsenkopf
PallasSammaltunturi
PallasSammaltunturi
Pic du Midi
Plateau Rosa
Palmer Station
Point Arena
Puy de Dôme
Ridge Hill
Ragged Point
Ryōri
Shangdianzi

New Zealand
New Zealand
USA
Canada
Canada

NIWA
NIWA
NOAA/ESRL
NOAA/ESRL
ECCC

45.03◦ S
45.03◦ S
45.93◦ N
54.95◦ N
54.95◦ N

169.67◦ E
169.67◦ E
90.27◦ W
112.45◦ W
112.45◦ W

370
370
868
540
540

15.0
15.0
30.0
75.0
75.0

C
D
D
D
C

01/2007
02/2010
01/1999
01/2008
04/2007

12/2013
11/2014
12/2014
02/2013
12/2012

Taiwan
Italy
France
Australia
Mexico

NOAA/ESRL
NOAA/ESRL
LSCE
CSIRO
NOAA/ESRL

23.47◦ N
35.52◦ N
48.80◦ N
67.62◦ S
18.98◦ N

120.87◦ E
12.62◦ E
3.58◦ W
62.87◦ E
97.31◦ W

2862
45
20
32
4464

25.0
25.0
15.0
4.5
15.0

D
D
D
D
D

08/2006
10/2006
11/2004
01/1999
01/2009

12/2014
12/2014
03/2010
12/2014
11/2014

Ireland
US Territory
Kenya
USA
USA
Japan
Australia
Brazil
Germany
Namibia
USA

NOAA/ESRL
NOAA/ESRL
NOAA/ESRL
NOAA/ESRL
NOAA/ESRL
JMA
CSIRO
NOAA/ESRL
UBA
NOAA/ESRL
NOAA/ESRL

53.33◦ N
28.21◦ N
0.05◦ S
19.53◦ N
19.53◦ N
24.30◦ N
54.48◦ S
5.51◦ S
53.17◦ N
23.58◦ S
40.05◦ N

9.90◦ W
177.38◦ W
37.30◦ E
155.58◦ W
155.58◦ W
153.97◦ E
158.97◦ E
35.26◦ W
13.03◦ E
15.03◦ E
105.58◦ W

25
4
3897
3397
3397
8
12
15
68.4
456
3523

25.0
15.0
25.0
15.0
15.0
15.0
4.5
15.0
15.0
25.0
15.0

D
D
D
C
D
C
D
D
C
D
D

01/1999
01/1999
12/2003
01/1999
01/1999
01/1999
01/1999
09/2010
01/1999
01/1999
01/1999

12/2014
12/2014
06/2011
12/2011
12/2014
01/2014
12/2014
12/2014
12/2013
12/2014
12/2014

Germany
Finland

NOAA/ESRL
NOAA/ESRL

50.03◦ N
67.97◦ N

11.80◦ E
24.12◦ E

1009
560

75.0
15.0

D
D

03/2003
12/2001

12/2014
12/2014

Finland

FMI

67.58◦ N

24.06◦ E

572

15.0

C

02/2004

12/2013

France
Italy
USA
USA
France
UK
Barbados
Japan
China

42.93◦ N
45.93◦ N
64.92◦ S
38.95◦ N
45.77◦ N
52.00◦ N
13.17◦ N
39.03◦ N
40.65◦ N

0.13◦ E
7.70◦ E
64.00◦ W
123.73◦ W
2.97◦ E
2.54◦ W
59.43◦ W
141.83◦ E
117.11◦ E

2877
3490
10
17
1465
294
45
260
293

15.0
15.0
4.5
25.0
15.0
25.0
15.0
15.0
15.0

D
C
D
D
D
C
D
C
D

06/2001
01/2005
01/1999
01/1999
07/2001
03/2012
01/1999
01/1999
09/2009

08/2010
12/2013
12/2014
05/2011
11/2010
11/2012
12/2014
01/2014
12/2014

Mahe Island
Southern Great
Plains
Shemya Island
Shetland
Tutuila
(Cape Matatula)
Sonnblick
South Pole
Schauinsland
Ocean Station “M”
Summit
Syowa Station
Tacolneston Tall
Tower
Tae-ahn Peninsula
Teriberka
Trinidad Head
Tiksi
Tsukuba
Ushuaia
Wendover
Ulaan-Uul

Seychelles
USA

LSCE
RSE
NOAA/ESRL
NOAA/ESRL
LSCE
UNIVBRIS
NOAA/ESRL
JMA
CMA_NOAA/
ESRL
NOAA/ESRL
NOAA/ESRL

4.67◦ S
36.60◦ N

55.17◦ E
97.49◦ W

3
314

4.5
75.0

D
D

01/1999
04/2002

12/2014
12/2014

USA
UK
US Territory

NOAA/ESRL
CSIRO
NOAA/ESRL

52.72◦ N
60.17◦ N
14.24◦ S

174.10◦ E
1.17◦ W
170.57◦ W

40
30
42

25.0
15.0
4.5

D
D
D

01/1999
01/1999
01/1999

12/2014
12/2003
12/2014

Austria
USA
Germany
Norway
Denmark
Japan
UK

EAA
NOAA/ESRL
UBA
NOAA/ESRL
NOAA/ESRL
NOAA/ESRL
UNIVBRIS

47.05◦ N
89.98◦ S
47.92◦ N
66.00◦ N
72.58◦ N
69.00◦ S
52.52◦ N

12.95◦ E
24.80◦ W
7.92◦ E
2.00◦ E
38.48◦ W
39.58◦ E
1.14◦ E

3111
2810
1205
5
3238
11
156

15.0
4.5
15.0
15.0
15.0
4.5
25.0

C
D
C
D
D
D
C

04/2012
01/1999
12/1998
01/1999
08/2000
01/1999
07/2012

12/2013
12/2014
12/2013
11/2009
12/2014
12/2014
11/2012

Republic of Korea
Russian Federation
USA
Russian Federation
Japan
Argentina
USA
Mongolia

NOAA/ESRL
MGO
NOAA/ESRL
NOAA/ESRL
MRI
NOAA/ESRL
NOAA/ESRL
NOAA/ESRL

36.73◦ N
69.20◦ N
41.05◦ N
71.59◦ N
36.05◦ N
54.85◦ S
39.90◦ N
44.45◦ N

126.13◦ E
35.10◦ E
124.15◦ W
128.89◦ E
140.13◦ E
68.31◦ W
113.72◦ W
111.10◦ E

20
42
107
31
26
12
1320
914

75.0
15.0
25.0
15.0
15.0
4.5
25.0
25.0

D
D
D
D
C
D
D
D

01/1999
01/1999
04/2002
08/2011
01/1999
01/1999
01/1999
01/1999

12/2014
12/2014
12/2014
12/2014
06/2002
12/2014
12/2014
12/2014

LLN
LMP
LPO
MAA
MEX
MHD
MID
MKN
MLO
MLO
MNM
MQA
NAT
NGL
NMB
NWR
OXK
PAL
PAL
PDM
PRS
PSA
PTA
PUY
RGL
RPB
RYO
SDZ
SEY
SGP
SHM
SIS
SMO
SNB
SPO
SSL
STM
SUM
SYO
TAC
TAP
TER
THD
TIK
TKB
USH
UTA
UUM
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Table 2. Continued.
Date range∗
[start end]
(MM/YYYY)

Site
Code

Station name

Country/Territory

Contributor

Latitude

Longitude

Elevation
(m a.s.l.)

MDM
(ppb)

WIS
WKT
WLG
WSA
WSA
YON
ZEP

Sedé Boqer
Moody
Mt. Waliguan
Sable Island
Sable Island
Yonagunijima
Zeppelinfjellet
(Ny-Alesund)
Zingst
Zugspitze/
Schneefernerhaus
Zugspitze

Israel
USA
China
Canada
Canada
Japan
Norway

NOAA/ESRL
NOAA/ESRL
CMA_NOAA
ECCC
ECCC
JMA
NOAA/ESRL

31.13◦ N
31.31◦ N
36.28◦ N
43.93◦ N
43.93◦ N
24.47◦ N
78.90◦ N

34.88◦ E
97.33◦ W
100.90◦ E
60.02◦ W
60.02◦ W
123.02◦ E
11.88◦ E

400
251
3810
5
5
30
475

25.0
30.0
15.0
25.0
25.0
15.0
15.0

D
D
D
C
D
C
D

01/1999
02/2001
01/1999
06/2003
11/1999
02/1999
01/1999

12/2014
10/2010
12/2014
12/2012
12/2013
01/2014
12/2014

Germany
Germany

UBA
UBA

54.43◦ N
47.42◦ N

12.73◦ E
10.98◦ E

1
2673.5

15.0
15.0

C
C

01/1999
12/2001

01/2003
12/2011

Germany

UBA

47.42◦ N

10.98◦ E

2965.5

15.0

C

12/1998

12/2001

ZGT
ZSF
ZUG

Data
type
(D/C)

∗ Date range is only presented since January 1999 until December 2014. Note that some sites have longer records.

Table 3. List of aircraft profile measurement sites.
Site Code

ORL
BIK
HNG
GRI
IMECC∗

Station Name

Orléans
Bialystok
Hegyhatsal
Griffin

Country

France
Poland
Hungary
UK

Project

CarboEurope
CarboEurope
CarboEurope
CarboEurope
IMECC

Sampling heights (m)

Data range

Prior RMSE (ppb)

Posterior RMSE (ppb)

[min.]

[max.]

(year)

L62 T

L78 T

L62 G

L62 T

L78 T

L62 G

100.0
223.8
300.0
550.0
19.5

3200
3026
3250
3100
13240

2006–2012
2007–2011
2006–2009
2006–2010
2009

101.2
82.1
81.5
74.7
79.1

101.2
82.1
81.5
74.7
79.1

88.0
68.6
66.4
59.9
81.6

39.2
24.4
25.3
12.9
17.4

37.4
27.2
25.2
12.9
19.1

40.8
26.1
27.5
11.0
17.6

∗ Observations from the IMECC campaign contain samples from several sites and routes, i.e. the location is not site specific. Posterior with smallest RMSE is marked in bold.

tical summation vector, a is an absorber-weighted AKs of
each retrieval, x is a model profile, and x a is the prior profile
of the retrieval. For the TCCON retrievals, one prior profile
was provided each day, which was scaled to get the observed
profiles that optimize the spectral fit (Wunch et al., 2011).
Prior profiles of GOSAT retrievals were provided for each retrieval (Yoshida et al., 2013). Model-estimated XCH4 values
were calculated for each site for the comparison with TCCON XCH4 , while the spatial mean of XCH4 for each mTC
was used for comparison with the GOSAT retrievals.
2.7 Inversion setups
In this study, three inversions were performed, which differed in number of parameters and TM5 convection schemes:
(L62 T) using L62 configuration with the T1989 convection
scheme, (L78 T) using L78 configuration with the T1989 convection scheme, and (L62 G) using L62 configuration with the
G2000 convection scheme (Table 1). Prior and posterior CH4
abundance was estimated with TM5 using prior and posterior emission estimates, respectively. Posterior CH4 was also
estimated using the respective convection schemes in the forward runs.

www.geosci-model-dev.net/10/1261/2017/

3 Results
Before presenting and discussing the estimated CH4 surface
fluxes, agreements with the observations used in the assimilation (Sect. 3.1), and with independent measurements from
aircraft (Sect. 3.2) and remote sensing products (Sect. 3.3),
are demonstrated.
3.1 Atmospheric CH4
Atmospheric CH4 values simulated using prior fluxes (prior
atmospheric CH4 ) increase continuously during 2000–2012,
and quickly exceed observed atmospheric CH4 levels, especially in the NH (Figs. 2, 3). The seasonal cycle of prior atmospheric CH4 values agrees poorly with the observations,
with a positive bias from winter to summer in the NH and
around the end of each year in the Southern Hemisphere (SH)
(Fig. 2). Furthermore, prior atmospheric CH4 values are negatively biased compared to the observations in the SH during
2002–2004 (Fig. 2). This is likely due to an underestimation in the prior emissions in the SH. Posterior atmospheric
CH4 values generally match the observations to a level close
to the expected model–data mismatch, indicating a proper
choice of observation covariance. A seasonal bias remains in
the NH (especially in L62 T), and the decrease in atmospheric
CH4 in the SH around 2002–2004 also remains in the posterior, although shorter in duration and of smaller magnitude
Geosci. Model Dev., 10, 1261–1289, 2017
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Figure 2. Differences in CH4 (ppb) between the assimilated observations and model estimates.

than in the prior (Fig. 2). The negative bias in posterior atmospheric CH4 around the equator remains unresolved throughout the study period in all inversions, and mainly originates
from the sites Bukit Koto Tabang, Indonesia (BKT), (−25 to
−27 ppb), and Mt. Kenya, Kenya (MKN) (−18 to −23 ppb).
The posterior atmospheric CH4 values are especially low
relative to observations during June–October. The bias became smaller when CH4 emissions were increased in the
South American tropical mTC region, although this led to
compensating fluxes and mismatches with observations elsewhere (not shown). Posterior emissions for the South American tropical region (mTC3) remain similar to the prior, and
the inversion does not significantly decrease the uncertainty
of the prior emission estimates in this mTC (see Sect. 3.4.4
and 4.2).

Geosci. Model Dev., 10, 1261–1289, 2017

Agreement between simulated CH4 and surface observations is slightly better in L78 T and L62 G than in L62 T (Fig. 2),
as indicated by the root mean square error (RMSE), which is
about 0.5 ppb smaller. In addition, the biases in annual amplitude are about 1–2 ppb smaller. The negative bias in the SH
from 2002 to 2004 is seen in all inversions, but is most prominent in L62 T. Although the difference in the average RMSE is
small, it is significant as it is calculated from all the observations assimilated in the study period. In addition, differences
are significant when the ensemble distributions of posterior
atmospheric CH4 are considered. The spread (1 standard deviation (SD)) of ensembles is less than 5 ppb for most sites
and less than 1 ppb for MBL sites, mostly located in the SH.
Further evidence of poorer performance in L62 T than
in other runs is seen in its global fluxes. L62 T produced
the smallest total global emission estimates for 2002–2004,
www.geosci-model-dev.net/10/1261/2017/
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Figure 3. Top: simulated posterior and prior global mean XCH4 (left-hand y axis), and NOAA globally averaged surface CH4 (right-hand
y axis). Bottom: growth rates of simulated XCH4 , and of observed CH4 . The growth rates were calculated using the methods in Thoning et
al. (1989). Vertical and horizontal lines indicate 2007 and zero GR to guide the eye, respectively.

which in turn led to the largest increase in the total global
emission estimates from 2001–2006 to 2007–2012. Based
on previous studies (e.g. Bergamaschi et al., 2013; Bousquet et al., 2006; Bruhwiler et al., 2014; Fraser et al., 2013),
the increases in L78 T and L62 G are more reasonable (see
Sect. 3.4.1). The differences in RMSE and bias between the
latter inversion estimates are small near 30◦ N, where many
observations are located. However, the RMSE and bias in
L78 T are about 1 and 2 ppb smaller at high northern latitudes
(60–75◦ N), and about 3 and 6 ppb larger around the equator
(EQ–15◦ N) than in L62 G, respectively. Moreover, low atmospheric CH4 values in the SH during 2002–2004 are not as
prominent in the prior when the G2000 convection scheme
is used (Fig. 2), probably due to enhanced transport between
the NH and SH in L62 G. Mean Chi-squared statistics (Michalak et al., 2005) of the observations are typically between 0
and 2, and follow normal distributions (not shown), which
again indicates that the MDM estimates are appropriate at
most of the sites.
In contrast to the prior, the growth rate (GR) of posterior
XCH4 does not change strongly before 2007, but increases
after 2007 (Fig. 3). All inversions show an increase in XCH4
by about 6 ppb yr−1 after 2007, with some seasonal and interannual variations (Fig. 3). The timing of the change in posterior XCH4 GR is in line with the GR calculated from the
global network of NOAA MBL observations (Dlugokencky
et al., 2011) and with the retrieved XCH4 GR at Park Falls
(Fig. 3). This indicates that the GR of prior XCH4 is too large
throughout 2000–2012 (see also Fig. 2), and this can only result from overestimated emissions or underestimated loss of

www.geosci-model-dev.net/10/1261/2017/

CH4 . Note that the NOAA MBL observations compared in
Fig. 3 are calculated from surface observations.
3.2

Evaluation with aircraft measurements

Posterior atmospheric CH4 generally agrees well with independent vertical profiles from aircraft. The average RMSE
decreased from 80 ppb in the prior to 24 ppb in the posterior (Fig. 4, Table 3). The RMSE between posterior and observed atmospheric CH4 values is smallest for Griffin, UK
(GRI) (< 12.9 ppb), and largest for Orléans, France (ORL)
(> 37.4 ppb) (Fig. 4). The model performance at in situ sites
near GRI is good, i.e. the correlations between assimilated
observations and posteriors are high, and the RMSE is equal
to or smaller than the MDM (Fig. 5). This suggests that emission estimates are well constrained, at least in the NH, although the RMSE is much larger than those at surface sites
due to vertical transport. The model performance at in situ
sites near ORL is poor, and the bias in the ORL profiles extends up to 2 km, which was also seen in Bergamaschi et
al. (2015). The comparison with IMECC observations from
central Europe shows the effect of the convection scheme on
the profiles above 2 km. Negative biases are seen in the inversion estimates using the T1989 scheme at 2–10 km. The bias
in the inversion estimates using the G2000 scheme is small at
around 2–10 km, but is positive in the upper troposphere and
lower stratosphere, where the estimates using T1989 better
match the observations. This could however be due to diffusive transport near the tropopause simulated by the 25 vertical layers in TM5. The use of a higher vertical resolution
Geosci. Model Dev., 10, 1261–1289, 2017
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Figure 4. Vertical profiles of atmospheric CH4 (ppb) from aircraft and posterior estimates. For each site, the medians were calculated and
plotted for both observations and posterior estimates for each altitude band.

of TM5 might improve the agreement with observations at
higher altitudes for both convection schemes.
3.3

Evaluation with TCCON and GOSAT XCH4

XCH4 provides additional information about the spatial distribution of atmospheric CH4 . TCCON and GOSAT XCH4
retrievals were not assimilated in the inversions, so the following comparisons also allow an assessment of model performance at independent locations and times.
For many TCCON sites in the NH, the XCH4 in L62 T and
L78 T is slightly lower than observed, but the trend and seasonal variability are generally well captured. However, the
2007–2012 trends at Izaña (Spain), Park Falls (USA) and Lamont (USA) are much stronger than in the retrievals (Fig. 6).
Since the emission estimates at similar latitudes would affect
the XCH4 estimates, this could be an effect of the strongly
increasing northern temperate emission estimates after 2007
(Sect. 3.4.2). The RMSE between the estimates and retrievals
is smallest in L62 G at all sites, except at Garmisch, Germany
(Table 4). Garmisch is a mountain site (altitude 734 m a.s.l.),
and the mean of observed XCH4 is statistically significantly
Geosci. Model Dev., 10, 1261–1289, 2017

lower than at nearby sites, e.g. Karlsruhe, Germany, and Bialystok, Poland (Figs. 6, S5).
For the SH TCCON sites, a strong negative bias is found in
all inversions (Figs. 6, S5). Agreement is especially poor for
Wollongong, which has the largest RMSE (more than 30 ppb)
among all TCCON sites in all inversions (Table 4). As the
site is located in the city of Wollongong, where the influence
of local emissions is high, it is difficult for models to reproduce XCH4 well (Fraser et al., 2013). The comparison with
the nearest in situ site, Cape Grim, Australia (CGO) shows
that the negative bias is much smaller (−6 to −11 ppb) compared to Wollongong (−32 to −35 ppb), and the correlation
with the retrievals is high (> 0.85). In addition, the negative
bias in XCH4 is much smaller (−12 to −15 ppb) at background site Lauder, New Zealand (LAU) and the correlation
at the LAU in situ site is again strong (> 0.85) in all inversions. The disagreement at Darwin is probably due to little
constraint of the emissions. Although in situ observations at
Gunn Point, Australia (GPA) were assimilated, the inversion
probably did not benefit significantly from these observations
because data were available only after mid-2010, and the
MDM was set high (75 ppb). Furthermore, emissions from
www.geosci-model-dev.net/10/1261/2017/
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Figure 5. Performance of inversion L62 G at European in situ observation sites, whose data were assimilated in the model, and at the locations
of four aircraft campaigns. The campaign locations are marked with stars. Aircraft observations were used for evaluation. The colour of the
marker for the in situ observation site is determined by the RMSE of observed and simulated posterior atmospheric CH4 values divided by
the pre-defined MDM. The radius of each circle provides the correlation between observed and simulated posterior atmospheric CH4 values,
where a larger radius corresponds to weaker correlation. Thick grey lines identify the mTC borders.

the tropics also affect the XCH4 estimates in Australia. Our
emission estimates for the tropics (30◦ S–30◦ N) are about
10–20 Tg CH4 yr−1 smaller than the estimates by Houweling et al. (2014), for example. When the prior emission estimates for the South American tropical region (mostly between 15◦ S–15◦ N) were increased (see Sect. 3.1), agreement in the SH improved (not shown). The comparison with
GOSAT XCH4 also supports the finding from the comparison with the TCCON retrievals, showing a mean negative
bias of 13 ppb in the SH (Fig. S6). We currently do not have
sufficient information to correct the errors that affected the
SH XCH4 in our system, or to identify the exact cause.
Spring peaks seen in GOSAT XCH4 in global, ocean and
the Asian tropical mTC region point to an important role
of the vertical mixing scheme, which are well captured in
L62 G, but not in L62 T and L78 T (Figs. 7, S6). The difference is statistically significant considering the ensemble distribution. Monthly emission estimates in L62 G are generally
larger than in L62 T and L78 T during November–April, espewww.geosci-model-dev.net/10/1261/2017/

cially in the northern-latitude temperate regions (35–60◦ N,
Fig. S7). This suggests that winter emissions in the northern
latitude temperate regions, enhanced in the model by faster
vertical mixing around the surface, play an important role to
reproduce the XCH4 seasonal cycle in the tropics well.
Although GOSAT retrievals are valuable for evaluating
model performance, it is important to keep in mind that
the satellite retrievals do not always agree with groundbased TCCON retrievals. GOSAT XCH4 has been evaluated
against TCCON retrievals, but biases in the GOSAT products
remain, especially in the latitudinal gradient (Yoshida et al.,
2013). This is probably one of the reasons for the positive
model bias in the NH compared to GOSAT (Fig. S6). Furthermore, the seasonal amplitude of GOSAT XCH4 is much
smaller than that of the posterior estimates, especially in the
SH (Fig. S6). This is not in line with the TCCON comparison
(Figs. 6, S5), which suggests that disagreement with GOSAT
XCH4 in the latitudinal gradient and the seasonal amplitude
may not only be due to problems in the inversions.
Geosci. Model Dev., 10, 1261–1289, 2017
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Figure 6. Observed and simulated daily mean XCH4 at TCCON sites.

Table 4. Root mean square error (RMSE) between TCCON and model XCH4 with averaging kernel applied (ppb). The inversion with the
smallest posterior RMSE is marked in bold.
Site names

Eureka, Canada
Sodankylä, Finland
Bialystok, Poland
Karlsruhe, Germany
Garmisch, Germany
Park Falls, WI, USA
Indianapolis, IN, USA
Lamont, OK, USA
Pasadena, CA, USA (Caltech1 )
Pasadena, CA, USA (JPL2 )
Pasadena, CA, USA (JPL3 )
Saga, Japan
Izaña, Tenerife, Spain
Ascension Island
Darwin, Australia
Réunion, France
Wollongong, Australia
Lauder, New Zealand (120HR)
Lauder, New Zealand (125HR)

Coordinates

Prior

Posterior

Latitude

Longitude

L62 T, L78 T

L62 G

L62 T

L78 T

L62 G

80.05◦ N
67.37◦ N
53.23◦ N
49.10◦ N
47.48◦ N
45.95◦ N
39.86◦ N
36.60◦ N

86.42◦ W
26.63◦ E
23.03◦ E
8.44◦ E
11.06◦ E
90.27◦ W
86.00◦ W
97.49◦ W

34.14◦ N
34.12◦ N
34.12◦ N
33.24◦ N
28.30◦ N
7.92◦ S
12.42◦ S
20.90◦ S
34.41◦ S
45.04◦ S
45.04◦ S

118.13◦ W
118.18◦ W
118.18◦ W
130.29◦ E
16.50◦ W
14.33◦ W
130.89◦ E
55.49◦ E
150.88◦ E
169.68◦ E
169.68◦ E

80.2
85.1
75.5
86.4
86.8
65.5
83.5
69.5
78.6
41.5
75.3
80.1
74.8
51.5
29.1
44.5
25.0
17.9
38.8

78.6
82.5
75.6
87.8
88.1
66.9
85.1
73.3
88.2
45.9
80.1
85.6
80.8
57.0
32.5
48.3
29.4
22.6
44.6

13.6
13.3
17.2
12.7
11.7
13.9
11.9
17.0
14.3
26.6
24.1
26.2
11.9
26.8
28.3
27.1
36.6
23.6
23.4

13.9
13.2
17.4
13.4
12.1
15.7
13.6
19.6
16.6
27.9
25.4
26.8
12.8
26.2
26.9
25.5
34.4
21.4
21.2

8.8
11.3
10.4
11.2
15.3
10.6
8.7
12.4
11.0
17.9
16.3
18.6
10.0
21.7
25.4
24.7
34.0
20.2
20.7

1 California Institute of Technology, 2012. 2 Jet Propulsion Laboratory, 2007–2008. 3 Jet Propulsion Laboratory, 2011–2012.
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Table 5. Root mean square error (RMSE) between GOSAT and
model XCH4 with averaging kernel applied (ppb). The inversions
with the smallest RMSE are marked in bold.
Region (mTC)

Prior
L62 G

L62 T

L78 T

L62 G

68.5
94.1
94.0

68.5
94.1
94.0

9.5
11.5
11.2

9.7
12.1
11.7

5.1
16.3
15.3

87.1

87.1

10.1

11.3

11.7

54.8

54.8

23.0

22.7

19.8

48.3

48.3

17.4

15.9

16.0

80.5
49.0
96.4
90.0
87.8
48.2
90.6

80.5
49.0
96.4
90.0
87.8
48.2
90.6

7.8
18.2
12.2
10.5
22.7
15.4
12.5

9.8
17.3
12.9
12.2
23.9
13.7
12.9

8.9
16.3
17.5
10.2
17.3
13.4
15.8

93.4

93.4

13.8

14.7

18.7

93.5

93.5

15.0

16.0

19.1

93.0

93.0

12.6

13.5

17.5

60.1

60.1

13.7

13.0

9.3

L78 T

Global (1–20)
Europe (11–14)
North American
boreal (1)
North American
temperate (2)
South American
tropical (3)
South American
temperate (4)
Northern Africa (5)
Southern Africa (6)
Eurasian boreal (7)
Asian temperate (8)
Asian tropical (9)
Australia (10)
South-west
Europe (11)
South-east
Europe (12)
North-west
Europe (13)
North-east
Europe (14)
Ocean (16–20)

Posterior

L62 T,

Figure 7. Global GOSAT and simulated regional 10-day mean
XCH4 .
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Emission estimates

3.4.1 Global
Our posterior mean total global emission estimate for 2000–
2012 is 517 ± 45 Tg CH4 yr−1 with an increasing trend of
3 Tg CH4 yr−1 (Table 6, inversion L62 G). Posterior mean
total global emissions for 2000–2012 are approximately
29 Tg CH4 yr−1 smaller than the prior (Table 6), although the
posterior estimates are within the range of prior uncertainties
(±93 Tg CH4 yr−1 ). Posterior mean total global emission estimates from inversions L62 T, L78 T and L62 G agree well, and
are in line with previous studies, e.g. Bousquet et al. (2006)
and Fraser et al. (2013). The main differences in the longterm mean are that anthropogenic mean annual emission estimates in L78 T are more than 10 Tg CH4 yr−1 larger than
in L62 T and L62 G, which are compensated by smaller biospheric emissions (Fig. 8). This change in long-term mean
flux is not robust in the L78 configuration, as the uncertainty
is large.
All inversions show an increase in posterior mean total
global emissions from before 2007 to after 2007 by 18–
19 Tg CH4 yr−1 (Table 6), which is much smaller than the increase in prior emissions of 33 Tg CH4 yr−1 . The increase in
posterior emissions during 2000–2010 is 15–16 Tg CH4 yr−1
and this agrees well with previous studies by Bergamaschi et
al. (2013) and Bruhwiler et al. (2014) for example, who estimated an increase of about 16–20 Tg CH4 yr−1 .
The increase in total global emissions is dominated by
the anthropogenic sources in both posterior and prior, and
again the increase in the posterior (15–28 Tg CH4 yr−1 ) is
much less than in the prior EDGAR v4.2 FT2010 inventory (37 Tg CH4 yr−1 ) (Fig. 9, Table 6). The posterior anthropogenic emission estimates from 2003–2005 to 2007–
2010 increase by 15–23 Tg CH4 yr−1 , which agrees well
with Bergamaschi et al. (2013) who estimated an increase of
14–22 Tg CH4 yr−1 . However, the increase in anthropogenic
emission estimates is larger than reported by Bruhwiler et
al. (2014) who found an increase of around 10 Tg CH4 yr−1
from 2000–2005 to 2007–2010. The differences between the
inversions are partly due to different time periods used, but
also due to the use of different sets of observations and
prior fluxes. Bergamaschi et al. (2013) used SCIAMACHY
satellite-based retrievals and NOAA observations, whereas
Bruhwiler et al. (2014) used in situ NOAA discrete and Environment and Climate Change Canada (ECCC) continuous
observations. Our study is also based on in situ observations, but includes more discrete and continuous observations globally than the previous two studies. Therefore, estimates from our study could potentially contain important
additional information from observations other than those
from NOAA and ECCC. In regard to prior emissions, this
study and Bergamaschi et al. (2013) used EDGAR v4.2 inventory estimates (the estimates are similar although slightly
different versions were used), while Bruhwiler et al. (2014)
Geosci. Model Dev., 10, 1261–1289, 2017
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Table 6. Mean emission estimates and their uncertainties before and after 2007 (Tg CH4 yr−1 ). The uncertainties are 1 standard deviation
of ensemble distributions. Prior uncertainties are from inversion L62 T and L62 G. The L78 T has larger prior uncertainties in all regions due
to its setup. For other regions, see the Supplement. Emission estimates after 2007 that are more than 1 Tg CH4 yr−1 larger than those before
2007 are marked in bold.
Region (mTC)

Total

Anthropogenic

Biospheric

Before 2007

After 2007

Before 2007

After 2007

Before 2007

After 2007

532.9 ± 86.7
507.0 ± 45.1
508.2 ± 62.0
509.1 ± 45.9

566.0 ± 102.6
526.3 ± 43.7
526.3 ± 60.9
527.6 ± 44.0

313.0 ± 80.7
287.0 ± 36.4
311.4 ± 50.2
287.9 ± 37.4

350.5 ± 97.5
314.9 ± 34.5
326.0 ± 49.7
312.2 ± 34.8

172.8 ± 31.6
172.8 ± 28.7
149.7 ± 45.1
174.1 ± 28.8

171.8,± 31.8
167.7 ± 28.7
156.6 ± 44.1
171.7 ± 28.9

56.2 ± 14.2
54.2 ± 10.4
53.3 ± 13.3
59.7 ± 10.6

55.0 ± 14.5
51.5 ± 10.5
53.3 ± 13.3
58.5 ± 10.7

45.4 ± 13.6
46.8 ± 10.3
45.1 ± 13.4
50.9 ± 10.6

45.0 ± 14.1
43.8 ± 10.5
45.1 ± 13.5
49.1 ± 10.7

9.8 ± 3.9
6.4 ± 2.7
7.2 ± 3.6
7.7 ± 2.7

9.0 ± 3.5
6.8 ± 2.5
7.1 ± 3.4
8.4 ± 2.5

41.9 ± 20.5
51.9 ± 6.8
48.1 ± 6.8
59.1 ± 7.5

33.2 ± 20.3
41.8 ± 7.7
42.2 ± 9.4
47.4 ± 8.4

32.9 ± 20.3
45.1 ± 7.0
43.1 ± 7.3
51.3 ± 7.7

7.7 ± 3.0
6.3 ± 2.7
5.1 ± 3.7
7.2 ± 2.7

7.8 ± 3.0
5.7 ± 2.6
3.8 ± 3.5
6.6 ± 2.7

42.8 ± 16.0
63.3 ± 14.9
66.0 ± 24.7
58.8 ± 15.0

23.2 ± 13.1
28.0 ± 12.9
33.6 ± 22.5
26.3 ± 12.9

25.5 ± 14.4
39.9 ± 13.5
46.4 ± 23.0
37.9 ± 13.5

14.2 ± 7.0
18.8 ± 6.9
15.7 ± 9.8
17.0 ± 6.9

14.5 ± 6.9
20.6 ± 6.7
16.9 ± 9.9
18.2 ± 6.8

142.4 ± 72.7
76.3 ± 24.2
66.8 ± 28.7
78.2 ± 25.2

164.7 ± 89.8
83.7 ± 20.1
80.6 ± 24.2
81.0 ± 19.9

106.2 ± 72.1
36.9 ± 25.0
48.4 ± 26.6
37.8 ± 26.1

129.3 ± 89.3
50.1 ± 20.7
54.8 ± 23.2
44.2 ± 20.6

34.2 ± 9.6
37.4 ± 6.5
16.4 ± 24.7
38.5 ± 6.9

33.4 ± 9.5
31.5 ± 6.1
23.8 ± 22.5
34.8 ± 6.4

67.7 ± 15.8
67.5 ± 14.3
69.2 ± 27.8
63.2 ± 14.3

70.8 ± 16.6
68.3 ± 14.7
67.5 ± 28.8
65.1 ± 14.8

30.6 ± 8.7
32.0 ± 8.4
32.2 ± 23.0
29.8 ± 8.4

35.7 ± 9.8
35.1 ± 9.3
32.5 ± 24.7
32.8 ± 9.4

31.1 ± 13.2
29.6 ± 12.1
31.1 ± 19.6
27.4 ± 12.2

31.3 ± 13.3
29.4 ± 12.1
31.3 ± 19.7
28.5 ± 12.2

Global (1–20)
Prior
L62 T
L78 T
L62 G
Europe (11–14)
Prior
L62 T
L78 T
L62 G

North American temperate (2)
Prior
L62 T
L78 T
L62 G

42.0 ± 20.5
49.2 ± 7.7
48.4 ± 9.2
55.6 ± 8.4

South American temperate (4)
Prior
L62 T
L78 T
L62 G

40.0 ± 14.9
49.4 ± 14.6
51.9 ± 24.6
46.0 ± 14.6

Asian temperate (8)
Prior
L62 T
L78 T
L62 G
Asian tropical (9)
Prior
L62 T
L78 T
L62 G

used a constant prior from EDGAR v4.2 for 2000. Although
Bergamaschi et al. (2013) found a significant increase in anthropogenic emissions in the constant-prior inversion, the
increase was slightly smaller than in their inversions with
the trend included in the prior. This could have caused the
smaller trend estimated by Bruhwiler et al. (2014), compared
to this study.
Biospheric emission estimates in the L62 T and L62 G inversions after 2007 are slightly smaller than before 2007 (−5
to −2 Tg CH4 yr−1 ), following the prior (−1 Tg CH4 yr−1 ).
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In contrast, L78 T shows an increase (+7 Tg CH4 yr−1 ). The
increase is driven by much smaller biospheric emission estimates in the L78 T inversion before 2007, mainly due to
significantly smaller biospheric emissions in the temperate
Asian region (discussed in Sect. 3.4.3). The small negative
trend in biospheric emissions in L62 T and L62 G is in line with
the finding by Bergamaschi et al. (2013). Here, it is again important to note that interannual variability in the CH4 sink,
which could also influence total emissions to the atmosphere,
is not included in this study.
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Figure 8. Prior and posterior annual emission estimates for global, Asian temperate and Asian tropical regions. Shaded areas are prior
uncertainties, and vertical bars illustrate L62 T posterior uncertainties. The uncertainties are 1 standard deviation of ensemble distributions.
Note different ranges on the y axes.

Figure 9. Anomalies of 12-month moving averages of monthly mean emission estimates from five sources. Note that ocean emissions are
only from natural sources, i.e. anthropogenic emissions over the ocean are included in anthropogenic emission. Zero levels shown by black
lines are the mean of the 2000–2012 moving averages.

3.4.2 Northern Hemisphere boreal regions and Europe
In this section, results for the following mTCs are presented:
North American boreal region (mTC1), Eurasian boreal region (mTC7), and Europe (mTC11–14).
Posterior anthropogenic emissions for Europe as a whole
(mTC11–14) are similar to the prior (L62 T, L78 T) (Table 6),
but shifts in the relative contributions to total European emissions from different parts of Europe occurred. Posterior emissions are larger than the prior in southern Europe (south-west
www.geosci-model-dev.net/10/1261/2017/

Europe (mTC11) and south-east Europe (mTC12)), whereas
the posterior is smaller than the prior in north-east Europe
(mTC14) in all inversions (Table S1). Most of the increase
in southern Europe and the reduction in north-east Europe
are due to anthropogenic emissions. Observed atmospheric
CH4 during winter at many of the in situ sites in northern Europe can be good indicators of anthropogenic signals, because emissions from biogenic sources are small during winter. Posterior atmospheric CH4 at these sites during
winter agrees well with observations, which would indicate
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that the posterior anthropogenic emissions are reasonable.
Southern Europe is only a small source of biospheric emissions, so most of the atmospheric signals captured at the in
situ sites in the region are from anthropogenic sources. In
southern Europe, posterior atmospheric CH4 values at some
sites in France, Spain and Italy have a strong positive bias
(> 10 ppb), which exceeds the ensemble standard deviations,
although the correlations between observed and posterior
CH4 are strong (0.8 or larger). The posterior atmospheric
CH4 values at other sites in south-east Europe are not overestimated, but the correlations are often weaker. This suggests
that the inversion did not find a solution that matches all the
observations equally, because of an incorrect distribution in
the prior within the optimization region. It could also imply
that some measurements had local influence that the model
could not represent or that the MDM was too small for a
few sites. However, the Chi-squared statistics at European
sites showed no indication that MDM was too small. Evaluation with aircraft observations shows that vertical transport of CH4 in Europe is generally good, but evaluation data
were only available from central Europe, i.e. we cannot exclude the problem of mixing in the atmosphere elsewhere.
Posterior anthropogenic emissions for north-west Europe are
similar to the prior. This finding is in line with Bergamaschi
et al. (2015), who estimated the anthropogenic emissions in
north-west European countries to be similar to the EDGAR
v4.2 estimates and larger than the emissions reported in UNFCCC (2013).
For biospheric emission estimates, differences between
prior and posterior emissions are negligible in southern Europe (Table S1), whereas the reduction in the posterior is
clear in northern Europe (north-west and north-east Europe)
(Fig. S8). A reduction in biospheric emissions is also estimated for the North American boreal region (Fig. S8). This
suggests that the prior biospheric emissions in boreal regions
are too large, which results in larger prior atmospheric CH4
values than observed. The interannual variability in the posterior emissions also does not follow the prior. An increase in
the posterior biospheric emissions is found for 50–90◦ N in
2006, followed by a decrease until 2010, which is not prominent in the prior. Most of the 2006 increase is from the North
American boreal region. This finding does not agree with
previous studies, e.g. Bousquet et al. (2011), who found little
increase in high northern latitude wetland emissions in 2006.
Instead, a significant increase in emissions was found in 2007
in their study. However, observations from specific locations
support our findings, although the representativeness of a
regional-scale signal is questionable. Moore et al. (2011) reported that 2006 was a warm and wet year at Mer Bleue bog
in Canada (45.41◦ N, 75.48◦ W), and for the period 2004–
2008, the highest autumn CH4 emissions were observed in
2006. The posterior biospheric emission estimates for northeast Europe in 2006 are about 60 % smaller than the prior
estimate in all inversions. Drewer et al. (2010) found that
CH4 emissions in September in Lompolojänkkä fen in FinGeosci. Model Dev., 10, 1261–1289, 2017

land (67.60◦ N, 24.12◦ E) were larger in 2006 than in 2007
due to heavy rain. However, the summer of 2006 was dry
with low emissions and snow had already started to fall by
the end of September, cutting the emission season short with
below zero (◦ C) temperatures. As such, mean annual CH4
emissions from the fen were lower in 2006 than in 2007. The
high prior emissions in September–October 2006 could be
due to a bias in precipitation (excluding snow) and temperature in meteorological data from the Climatic Research Unit
(CRU), University of East Anglia, UK (Mitchell and Jones,
2005), which was used as an input for the LPX-Bern model.
CRU precipitation and temperature at Lompolojänkkä and
the mTC14 average are larger than the observations at Lompolojänkkä during autumn 2006. The posterior summer biospheric emissions in 2007 are nearly twice as large as the
prior. The posterior shows high emissions in July, but the
LPX-Bern estimates are low during the summer and autumn
at Lompolojänkkä and in mTC14 on average. This could
be due to problems in the wetland fraction or in the precipitation dependence. CRU precipitation in 2007 is high in
early summer and extremely heavy in July at Lompolojänkkä
and in mTC14 on average, which is in line with Drewer et
al. (2010). Although the seasonal cycle of the precipitation
is well captured in CRU, if the peatland soil is already saturated with water in early summer, CH4 emissions would not
have increased with additional high summer precipitation.
For north-west Europe, similar results are found; posterior
biospheric emissions are low in summer–autumn 2006 and
high in summer 2007, compared to the prior. The CRU meteorology again agrees well with measurements at Stordalen
mire in northern Sweden (68.20◦ N, 19.03◦ E) for example,
where the measured emissions (Jackowicz-Korczyński et al.,
2010) also support the posterior estimates more than the
prior.
Differences in emissions between the T1989 and the
G2000 convection schemes are prominent in all northern boreal regions and Europe. Posterior emissions in L62 G are
larger than in L62 T and L78 T throughout 2000–2012. The
estimated prior surface atmospheric CH4 values in these regions are lower when the G2000 scheme is used. This indicates that the stronger vertical transport in the G2000 reduces
the surface CH4 abundance faster than the T1989 scheme and
led to larger posterior emissions. We cannot conclude which
convection scheme is more suitable for northern boreal regions and Europe based only on the posterior atmospheric
CH4 of those regions, but the agreement with the modelindependent aircraft and TCCON retrievals are better in the
inversion using the G2000 scheme than in others using the
T1989 scheme. Also, van der Veen et al. (2013) found that
G2000 more accurately represented vertical transport based
on simulations of atmospheric SF6 . Note that the number of
available GOSAT retrievals, which agree better with the inversion results using T1989 scheme, is limited for northern
Europe, and the retrieval bias (Yoshida et al., 2013) makes
the independent information less reliable.
www.geosci-model-dev.net/10/1261/2017/

A. Tsuruta et al.: Global methane emission estimates for 2000–2012
3.4.3 Northern Hemisphere temperate regions
In this section, results for North American (mTC2) and Asian
(mTC8) temperate regions are presented.
Posterior total emissions for the North American temperate region are larger than prior emissions in all inversions
(Fig. S8, Table 6). The main contribution to the increase
in total regional emissions is from anthropogenic emissions.
Posterior mean anthropogenic emissions for 2000–2001 are
closer to the prior, but nearly 10 Tg CH4 yr−1 larger than the
prior for 2004–2012 (Fig. S8). The trend during 2000–2012
is not significant in the prior or in the posterior, although
the posterior shows an increase of 0.5 Tg CH4 yr−1 during
2000–2012. The estimated growth rate is similar to the estimates reported by Bruhwiler et al. (2014), but only about one
third of that reported by Turner et al. (2016). Our evaluation
shows that the trend in posterior XCH4 matches well with
the GOSAT and TCCON retrievals regionally and at sites in
the USA, e.g. Park Falls and Oklahoma (Figs. 6, S5, S6).
In this study, emissions were optimized by region, and there
was only one scaling factor for anthropogenic emission estimates for the North American temperate region. Therefore, it
is not possible to study the differences in the emissions trend
on the eastern and western sides of the North American temperate region, as in Turner et al. (2016). However, this study
suggests that a large increase in local emissions is not necessary to reproduce the increasing atmospheric CH4 trend.
Long-range transport plays a more important role than the
local emissions.
A negative correlation is found between mean posterior anthropogenic and biospheric emissions for the North
American temperate region, i.e. anthropogenic emissions increased when biospheric emissions decreased. This is an effect of the inversion not being able to separate biospheric and
anthropogenic emissions based on the current observational
network. In situ observation sites in this area are mostly close
to anthropogenic emission sources, so the interannual variability found in biospheric emission estimates may not represent the real variability.
The Asian temperate region has large anthropogenic and
biospheric emissions (Table 6). Anthropogenic emissions are
responsible for most of the increase in the prior regional and
total global emission estimates after 2007. However, prior
anthropogenic emissions in this mTC are reduced by more
than half in the posterior (Fig. 8, Table 6). Moreover, the increase in posterior anthropogenic emissions for 2000–2012 is
not as strong as in the prior (Fig. 8, Table 6). The significant
reduction in anthropogenic emissions from prior to posterior
estimates for 2002–2010 is driven by observations from two
continental sites in Korea; Anmyeon-do (AMY, data available for 2000–2012) and Gosan (GSN, data available for
2002–2011). Small values of MDM were initially assigned
and thus the sites had a large impact on the regional flux estimates. When MDMs for those sites are set to 1000 ppb,
thereby reducing their influence in the inversion (referred
www.geosci-model-dev.net/10/1261/2017/
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to as L62 T-K, L78 G-K), the estimated total emission in this
mTC is about 30 Tg CH4 yr−1 larger and in better agreement
with Bruhwiler et al. (2014) and Bergamaschi et al. (2013)
for example.
The increased Asian temperate emissions in simulations
L62 T-K and L78 G-K are mainly compensated by reduced
fluxes in the Asian tropical region (about 10 Tg CH4 yr−1 in
L62 , about 20–30 Tg CH4 yr−1 in L78 ) (Fig. 8), as well as
in the Eurasian boreal region, Europe, and the ocean. Only
small changes are found in regional emission trends, but
the anthropogenic ocean emission estimates in L62 T-K and
L78 G-K increase less during 2009–2012 compared to that
in L62 T and L78 T. When the two Korean sites are excluded
from the inversion, the posterior biospheric emissions in the
Asian temperate region remain close to the prior. The interannual variability in total emissions in L62 T-K and L78 G-K
is smaller than that of L62 T and L78 G for the Asian temperate region. It is rather unrealistic that regional anthropogenic
emissions change by more than 30 Tg CH4 yr−1 over 1 to 2
years as is the case in L62 T, L78 T, and L62 G. Fast growing
economies, such as China and India are located in the Asian
temperate region, and there is no evidence that the anthropogenic emissions decreased significantly during 2002–2010
in that region. Total emission estimates for the Asian temperate region in L62 T-K and L78 G-K are larger and more reasonable than in L62 T and L78 T, and the ratio of anthropogenic
to biospheric emission estimates in L62 T-K and L78 G-K are
more consistent with each other than in L62 T and L78 T. This
suggests that the L62 T and L78 T posterior anthropogenic
emissions and the L78 T posterior biospheric emissions for
2002–2010 are probably unreasonably low due to the influence of the two Asian sites, AMY and GSN. Nevertheless,
the posterior emissions in L62 T and L78 T are lower than in
the EDGAR v4.2 FT2010, which is in agreement with previous studies (Pandey et al., 2016; Thompson et al., 2015).
The effect of the changes in the emission estimates (L62 T-K
and L78 G-K) to XCH4 is small, although a slight increase is
found globally. The agreements with GOSAT and TCCON
XCH4 in L62 T-K and L78 G-K are slightly better for mTCs
and at sites where negative biases are found in L62 T and L78 T
(not shown).
3.4.4 Asian and South American tropical regions
In this section, results for the following regions are presented: South American tropical (mTC3) and Asian tropical
(mTC9).
The Asian tropical region also has large anthropogenic and
biospheric emissions. Prior estimates from both sources are
about 30 Tg CH4 yr−1 each, and they are reduced slightly by
the inversions (Fig. 8, Table 6). Posterior estimates for biospheric and anthropogenic emissions are lower than in Bruhwiler et al. (2014), who estimated the anthropogenic emissions to be even larger than, and biospheric emissions to be
similar to, our prior. The L78 T anthropogenic emission esGeosci. Model Dev., 10, 1261–1289, 2017
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timates are lower than the prior estimates due to enhanced,
and probably unrealistic, interannual variability compared to
the L62 T and L62 G estimates (Fig. 8). This partly correlates
with the strong interannual variability in the Asian temperate region. For example, the increase in anthropogenic emissions in L78 T around 2002–2005 is due to a strong decrease
in emissions in the Asian temperate region. In the test cases,
L62 T-K and L78 G-K, interannual variability in both the Asian
temperate and Asian tropical regions is smaller than in L62 T
and L78 T (Fig. 8). However, annual anthropogenic emission
estimates in L78 G-K are much lower than in L78 T, and about
20 Tg CH4 yr−1 smaller than in L62 G. This is partly due
to the differences in the convection schemes, which is also
seen in the L62 configuration. However, it is mostly due to
compensating effect of the increased Asian temperate anthropogenic emissions that resulted from reducing the influence
of the observations at the Korean sites. Evaluation with surface in situ observations shows that L62 G atmospheric CH4
values agree best with observations at BKT, where the inversions have a strong negative bias. Nevertheless, large uncertainty remains in the estimates, so further information, such
as additional observations and prior information about the
emissions, is needed to better quantify emissions in this region.
The emission estimates for the South American tropical
region are very similar to each other (Fig. S8, Table S1).
All posterior emissions are close to the prior, and the uncertainty in the posterior is not reduced by the inversions. This
is due to a lack of observations assimilated within the optimization regions in mTC3. Three stations (MEX, KEY, RPB)
near the edge of mTC3 were assimilated, but due to strong
vertical transport, these observations do not capture signals
from tropical wetlands, which is the main CH4 source from
this mTC. Moreover, most of the assimilated observations are
samples from well-mixed air masses that represented a large
volume of the atmosphere. Therefore, the inversions could
not satisfactorily constrain emissions in the South American
tropical region.
3.4.5

Africa and southern mid-latitudes

In this section, results for the following regions are presented: South American temperate region (mTC4), northern Africa (mTC5), southern Africa (mTC6) and Australia
(mTC10).
Posterior total emissions in the South American temperate
region increase significantly during 2006–2009 in all inversions (Fig. S8), and there is no correspondent decrease in
other mTCs, e.g. the Asian temperate region. All inversions
point in the same direction, but the results are still debatable.
Observations assimilated within mTC4 before 2006 are from
Ushuaia (USH) in Argentina. Due to its location (54.85◦ S)
having few local emission sources, the purpose of the site
is to sample well-mixed air that represents a large volume
of the atmosphere. Observations at Arembepe, Brazil (ABP)
Geosci. Model Dev., 10, 1261–1289, 2017

were available during 2006–2009, and at Natal, Brazil (NAT)
during 2010–2012. These sites capture the well-mixed air in
the tropics better than USH, although most of the signals are
from the Atlantic Ocean and not from the land. Interannual
variability in the tropics is probably better represented by
ABP and NAT observations, but it is questionable whether
the variability is driven by the observation signals from the
South American temperate region. Similar interannual variability was reported by Bruhwiler et al. (2014), where ABP
observations were assimilated (the NAT observations were
outside their study period), although the changes were not as
significant as in this study.
South American temperate is the only region where all inversions show a significant increase in both anthropogenic
and biospheric emissions (Table 6). As mTC4 is mostly
within 30◦ S–30◦ N, and most of the emissions are located
in the northern part of this mTC, the estimates agree with
Houweling et al. (2014) who found that most of the increase
in total global emissions was in the tropics and the extratropics. The increase in emissions during 2005–2008 and
the subsequent decrease (Fig. S8) was also found in Basso
et al. (2016), who suggested that biospheric emissions from
the east part of the Amazon basin were the main contributor to interannual variability. Dlugokencky et al. (2011), using constraints from CH4 isotopic measurements, suggested
emissions from the tropics were an important contributor to
the significant growth in atmospheric CH4 after 2007. The
isotopic measurements showed a decrease in the δ 13 C–CH4 ,
which would indicate that the increased emissions were probably from biogenic sources. The inversions in this study
have difficulty changing the ratio of anthropogenic to biospheric emissions from the prior, which could be a reason
why the interannual variability of total emissions is optimized by changing emissions from the major sources, i.e. anthropogenic sources. Therefore, interannual variability of the
posterior emissions is dominated by the contributions from
anthropogenic sources.
Posterior anthropogenic emissions in the northern African
and southern African mTCs are larger than the prior for all
inversions, with somewhat different interannual variability in
the north and south (Fig. S8). Evaluation with in situ observations in northern Africa shows that there is only a small bias
in the posterior atmospheric CH4 values (< 1 ppb in L62 G).
For southern Africa, agreement with the in situ observations
is good, except for Mt. Kenya, Kenya (MKN) where a strong
negative bias is found (see Sect. 3.1). The correlation between the posterior and observed atmospheric CH4 values
at MKN is strong (≥ 0.8), and the site is located at a high altitude (> 3000 m a.s.l.), which implies that the bias may not
be due to small local emissions. On the other hand, vertical
transport in the tropics is strong, and MKN is located near a
biospheric source area in central Africa. Therefore, the negative bias could also be due to an underestimation of emissions from wetlands in central Africa. Bruhwiler et al. (2014)
also reported an increase in the posterior estimates compared
www.geosci-model-dev.net/10/1261/2017/
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to their prior in Africa, but the increase was mainly in biospheric emissions. However, our interannual variability in
anthropogenic emissions in northern Africa is similar to their
variability in central African biospheric emission estimates.
Therefore, the differences may partly be due to differences
in the prior: the ratios of prior anthropogenic to biospheric
emissions in this study and Bruhwiler et al. (2014) are almost reciprocals of each other, i.e. our prior anthropogenic
emissions are larger and biospheric emissions are lower than
in Bruhwiler et al. (2014). It is not possible to conclude from
this study which estimates better capture actual emissions,
because the estimates for Africa are not well constrained by
the observations in either study.
Posterior emissions for Australia in L78 T are systematically larger than in L62 T and L62 G throughout 2000–2012
(Fig. S8). The southernmost coast of Australia and much of
New Zealand are defined as “biospheric” land in L62 configuration (Fig. S4), i.e. anthropogenic emissions in that optimization region were not optimized in L62 T and L62 G. Since
biospheric emissions are a minor source and the posterior
emissions changed little from the prior in L78 T, the “biospheric” land in the land-ecosystem map may need to be
changed to “anthropogenic” land for mTC10 to be able to
optimize anthropogenic emissions better in L62 T and L62 G.
3.4.6

Ocean

Prior anthropogenic ocean emissions are mainly located in
the tropics (mTC20), and the main differences between
prior and posterior emissions are also located in this mTC
(Fig. S9). All posterior fluxes are 5–10 Tg CH4 yr−1 larger
than the prior, especially before 2006 and during 2011–2012
(Fig. S9). However, it is questionable whether these results
are reasonable, since there is no indication that non-road
transportation and coastal anthropogenic emission estimates
varied from year to year as the inversion results show. It
is more likely that ocean regions were used to compensate
for missing tropical land emissions. Indeed, the estimates
for the ocean were sensitive to the estimates in other regions (not shown). Further investigation without optimizing
anthropogenic ocean emissions or using only natural ocean
emissions as prior, i.e. excluding non-road transport (ship
and aircraft) emissions, would help us to better understand
the anthropogenic emission estimates over land. Note that
the prior biospheric emission estimates in mTC16-20 were
not optimized. Prior biospheric emissions around the coast
were not zero, partly due to differences in the definition of the
coast in the mTC16-20 line in our mTC map and the prior.
Only limited information is available in regard to biospheric
emissions around coastlines, and as it is a minor source, it
was assumed that the inversion would not be able to optimize
it.

www.geosci-model-dev.net/10/1261/2017/
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4 Discussion
4.1 Differences between inversions
Interannual variability of emission estimates is often stronger
in L78 T than in L62 T and L62 G. Differences are mainly seen
in the Asian temperate region, where the proportion of biospheric emissions to total emissions is much smaller in L78 T
than in L62 T and L62 G. Anthropogenic emission estimates
for the Asian tropical region in L78 T show strong interannual variability, although the biospheric emission estimates
in L78 T are similar to the L62 T and L62 G estimates. The
ratio of biospheric to anthropogenic emission estimates in
the Asian temperate and Asian tropical regions changes from
year to year in L78 T. The dominant sources are similar in
L62 T and L62 G, but sometimes different in L78 T. For example, in the Asian temperate region, biospheric emissions
are larger than anthropogenic emissions during 2003–2005
in L62 T and L62 G, but lower in L78 T. Only small differences are found in the posterior values of XCH4 in L62 T
and L78 T. Agreement with in situ CH4 observations is better in L78 T than in L62 T, i.e. the negative bias in the SH is
less pronounced in L78 T. The emission estimates in the SH
are often larger in L78 T than in L62 T, where differences are
mainly seen in the anthropogenic emission estimates. This
means that the land-ecosystem distribution used in this study
generally represents the division of the source areas well, although some revision may be needed for Asia and the SH,
e.g. Australia.
As expected, interannual variability of emissions in L62 T
and L62 G is similar. This shows that the different convection
schemes do not have a large effect on the interannual variability of the emission estimates in L62 configuration. The
north–south gradient of emissions shows that NH emissions
are about 10 Tg CH4 yr−1 larger, and SH emissions about
10 Tg CH4 yr−1 less when the G2000 scheme is used. (Tables 6, S1). In all mTCs, estimates of emissions from the
major sources (either biospheric or anthropogenic) are more
strongly affected by the convection schemes than the estimates of minor sources (L62 T and L62 G). In L78 T, the effects of the convection schemes are not assessed in a strictly
comparable setup, but similar results are expected (for a fair
comparison assessed on a short time period, see Supplement). Note that L78 T and L78 G-K have significant differences in their annual total emission estimates and their interannual variability in Asian temperate and Asian tropical
regions (Fig. 8), but the different convection schemes are not
the main cause. Although the emission estimates for the SH
are smaller in L62 G than in L62 T, SH posterior surface atmospheric CH4 and XCH4 are larger in L62 G than in L62 T,
due to faster mixing and larger emission estimates in the NH.
Agreement with independent observations is best in L62 G
among the inversions. NH surface atmospheric CH4 in L62 G
is in good agreement with observations at in situ stations, and
L62 G XCH4 also agrees best with the TCCON XCH4 globGeosci. Model Dev., 10, 1261–1289, 2017
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ally. Although NH XCH4 in L62 G is larger than in GOSAT
retrievals, the results suggest that CTE-CH4 performed better
in TM5 when the G2000 scheme is used rather than T1989. It
can be assumed that if GOSAT retrievals were assimilated in
CTE-CH4 , emission estimates would decrease in the NH and
increase in the SH compared to this study. Also, the assimilation of satellite-based retrievals may reduce differences in the
estimates between the L62 T and L62 G setups. However, the
assimilation of GOSAT XCH4 requires further development
as previous studies (Houweling et al., 2014; Pandey et al.,
2016; Bergamaschi et al., 2013) have shown that the biases
in the GOSAT XCH4 products could misrepresent the distribution and seasonal cycle of the optimized surface emissions.
4.2

Uncertainties in emission estimates

The smallest uncertainties in the posterior total annual emissions are generally seen in L62 T, and the largest in L78 T. We
expected that L78 T would have larger uncertainties than L62 T
and L62 G. The prior uncertainties in L78 T are the sum of both
prior anthropogenic and biospheric uncertainty estimates for
each optimization region, whereas the uncertainty in L62 T
and L62 G is from either anthropogenic or biospheric emissions. Although the differences are small (< 0.1 %), uncertainties in the emission estimates in L62 G are slightly larger
than those in L62 T in most of the optimization regions for
both anthropogenic and biospheric emissions. It could be that
there is more mixing of the surface signals in G2000, thereby
producing a wider range of ensemble atmospheric CH4 values, and thus L62 G may have less flux sensitivity at surface
sites. However, the difference in the ensemble standard deviation of atmospheric CH4 values between inversions is small.
Furthermore, this cannot be explained by the number of assimilated observations. The uncertainty is larger in L62 G than
in L62 T, while the number of rejected observations is smaller
in L62 T than in L62 G (6.6 and 6.9 %). Similarly, the anthropogenic emission uncertainty is smaller for the Eurasian boreal region than for north-east Europe, which also cannot be
explained purely by the number of observations within the
region.
For most of the mTCs, anthropogenic emission estimates
are larger than biospheric emission estimates, and reductions
2
2 ) are also larger for
in uncertainties (σr2 = 1 − σposterior
/σprior
62
62
anthropogenic emissions (L T, L G). However, for northeast Europe, the reduction in uncertainty for biospheric emission estimates is slightly larger, although the anthropogenic
emission estimates are larger than biospheric emissions. This
is partly the effect of the land-ecosystem map. Much of
north-east Europe is defined as “biospheric” land, i.e. inversions of L62 T and L62 G can constrain the biospheric estimates more than the anthropogenic estimates. On the other
hand, uncertainty reduction in L78 T is not affected by the
land-ecosystem map. Uncertainty reduction rates for biospheric and anthropogenic emission estimates in north-east
Europe are similar in L78 T. Although the posterior uncertainGeosci. Model Dev., 10, 1261–1289, 2017

ties are largest in the L78 T estimates, σr2 is also generally the
largest in the L78 T. Note that the Chi-squared statistic for
global estimates is 0.9 in L62 T, which would indicate that
the prior covariance structure is appropriate for this configuration. For L78 T, the Chi-squared statistic is smaller (0.6),
which indicates that the prior state covariance matrix with
spatial correlation would probably be more appropriate than
the diagonal covariance matrix for this configuration.
Emissions in the Eurasian boreal region are difficult to
constrain because of the sparse observation network. Indeed,
emissions for mTC7 are estimated not by local observations
within the region, but rather by “background” observations
that constrain the total budget of a larger area. The only observation site used in this study within mTC7 was Tiksi, Russia (TIK), where observations started in 2010. Although Tiksi
is a good reference site for biospheric signals during summer and autumn, one station is not sufficient to constrain the
emissions for the whole Eurasian boreal region. Additional
observations from the National Institute for Environmental
Studies (NIES) tall tower network (Sasakawa et al., 2012)
and the Zotino Tall Tower Observatory (ZOTTO) (Winderlich et al., 2010), for example, would be useful to better understand the emissions from this region. Those observations
will be included in future studies. Nevertheless, the uncertainties for anthropogenic emissions are reduced by about
20 %, probably due to some influence of observations located
in nearby mTCs.
The covariance structure of the posterior estimates is similar to the prior in all inversions. Taken in combination with
the Chi-squared statistic (0.9 in L62 T), this means either that
the assumption in the prior covariance is good, or the inversions are not able to change much from the prior due to, for
example, limited prior variation or observation coverage being too sparse. For mTCs such as the South American tropical region, L62 T and L62 G have a prior correlation between
different LETs, but L78 T shows no correlation between optimization regions. The posterior correlations are similar to
the prior in all inversions, i.e. L62 T and L62 G posterior have
a strong correlation; however, L78 T has almost zero correlation as the dependencies are not well optimized by the inversions. On the other hand, similar posterior correlations
between anthropogenic and water optimization regions are
found for the Asian temperate mTC region, regardless of the
prior assumption. L62 T and L62 G have a prior correlation of
about 0.5, but the correlation is reduced to less than 0.1. L78 T
has a prior correlation of zero, and the posterior correlation
does not increase significantly, supporting the L62 T and L62 G
posterior correlation. This suggests that the prior correlation
for those optimization regions in L62 T and L62 G is probably
too strong. In the prior covariance, no negative correlation
was assumed between any scaling factors. However, some
scaling factors are weakly negatively correlated in the posterior estimates. For example, anthropogenic emissions in the
Asian temperate region are negatively correlated with those
in the Atlantic Ocean in all inversions. This is one of the reawww.geosci-model-dev.net/10/1261/2017/
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sons why ocean emissions are sensitive to the estimates of
nearby land regions (see Sect. 3.4.6). The inversions did not
turn positive correlations into negative correlations.
5 Summary and conclusions
We presented global and regional CH4 emissions for 2000–
2012 estimated using the CarbonTracker Europe-CH4 (CTECH4 ) data assimilation system. Estimates were evaluated
against assimilated in situ atmospheric CH4 observations and
model-independent atmospheric measurements from aircraft
campaigns, as well as XCH4 retrievals from TCCON and
GOSAT. Three inversions were performed to evaluate the effect of two configurations of CTE-CH4 . The inversions differed by the number of scaling factors and the choice of
convection scheme used in the TM5 atmospheric chemistry
transport model. One configuration optimized either biospheric or anthropogenic emissions (L62 ) and the second optimized both (L78 ) in each optimization region. Interannual
variability of the atmospheric CH4 sink was not taken into
account in the inversions. We estimated total global posterior
emissions for 2000–2012 at 515–517 ± 44–62 Tg CH4 yr−1 .
The estimated increase from 2001–2006 to 2007–2012 was
18–19 Tg CH4 yr−1 , which was mainly driven by increased
emissions in the modified TransCom (mTC) of the South
American temperate, Asian temperate, and Asian tropical regions. This estimated increase in posterior total global CH4
emissions was more than 10 Tg CH4 yr−1 smaller than in the
prior. The inversions suggested that most of the increase was
in anthropogenic rather than biospheric emission estimates.
However, we could not confirm whether the increase was
caused by anthropogenic or biospheric emissions. The inversions had a tendency to optimize regions with major sources,
and anthropogenic emission estimates were often larger than
biospheric emissions in optimization regions.
Furthermore, posterior emissions were generally smaller
than prior emissions in the high latitudes of the NH (North
American boreal region, Europe and Eurasian boreal regions), whereas posterior emissions were larger than the
prior emissions in Africa and the SH (northern Africa, southern Africa, South American temperate region and Australia).
For the tropics (South American tropical and Asian tropical
mTC regions), posterior emissions were similar or slightly
lower than the prior emissions. This was consistent in all inversions, i.e. the spatial distribution in the prior emissions,
probably for anthropogenic sources, may need to be revised
with less emissions in the mid-latitude NH and more emissions in temperate regions in the SH.
The study focused on Europe in more detail by dividing it
into four mTCs: south-east, south-west, north-east and northwest Europe. Neither prior nor posterior emissions showed
any significant trends in anthropogenic or biospheric emission estimates in Europe as a whole. However, the posterior
anthropogenic emissions were larger than the estimates in the
www.geosci-model-dev.net/10/1261/2017/
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EDGAR v4.2 FT2010 inventory for southern Europe, while
they were lower in northern Europe. Also, the posterior biospheric emission estimates show different interannual variability than those from the LPX-Bern vegetation model, such
that CTE-CH4 estimates agreed better with CH4 emissions
measured at some wetland sites. Furthermore, the application of different scaling factors to regions divided by landecosystem type was an improvement. This approach could
be useful to better understand the dependence of CH4 emissions on meteorological parameters for different ecosystem
types, and development of the approach will continue. Posterior emissions in Europe were similar regardless of whether
only anthropogenic or biospheric emissions were optimized,
or both categories were optimized in each optimization region. Total emissions were similar and the ratio of anthropogenic to biospheric estimates did not change much from
the prior.
In the Asian temperate and Asian tropical regions, L62
configuration was found to be more consistent with observations, and it produced more reasonable emission estimates.
On the other hand, L78 configuration was better where both
anthropogenic and biospheric emissions were large or the
land-ecosystem map was badly defined, such as Australia.
Evaluations with in situ observations showed that the inversions successfully reduced the bias between observed and
estimated CH4 abundance from the prior to the posterior.
A comparison with model-independent retrievals of XCH4
from TCCON and GOSAT showed that agreement in posterior XCH4 was especially good in the NH. However, negative
biases in XCH4 were found in the SH in all inversions, although the seasonal cycle at the TCCON sites was well captured. This suggests that there are some emissions that were
not optimized well by CTE-CH4 , although possible errors
in the vertical or stratospheric distributions due to the transport model cannot be ignored. The evaluation also revealed
that TM5 with the G2000 convection scheme produces larger
emission estimates in the NH and smaller emissions in the
SH when compared to the T1989 convection scheme. With
the G2000 convection scheme, transport from the NH to the
SH was faster, leading to smaller inferred SH emissions and
larger NH emissions. This means that the posterior emissions
were closer to the prior in the SH than in the NH when the
G2000 convection scheme was used. Furthermore, posterior
atmospheric CH4 values agreed slightly better with observations when the G2000 convection scheme was used. In addition, evaluation with GOSAT XCH4 revealed that the spring
peaks in XCH4 in the tropics were poorly captured in inversions that used the T1989 convection scheme. This feature was best captured in the inversion using the G2000 convection scheme, which estimated larger NH winter emissions
than the inversions that used the T1989 convection scheme.
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Our key messages include the following findings:
– Global and regional CH4 emissions for 2000–2012 were
estimated using CTE-CH4 to examine the cause of increase in atmospheric CH4 after 2007.
– An 18–19 Tg CH4 yr−1 increase in global CH4 emissions was needed from before 2007 to after 2007 to
match the increase in the observed atmospheric CH4
growth rate of about 6 ppb yr−1 (without taking into account interannual variability of the atmospheric CH4
sink).
– We found the main increase in emissions was located
in South American temperate and Asian temperate regions but contributions from either biospheric or anthropogenic sources could not be concluded.
– Agreement of posterior atmospheric CH4 values with
in situ observations and aircraft observations, and of
posterior XCH4 with TCCON and GOSAT retrievals,
was good. Agreement was better when the Gregory et
al. (2000) convection scheme was used.
– A large increase in anthropogenic CH4 emissions from
temperate North America was not needed to match observations.
Code and data availability. The source code of CTE-CH4 and data
presented in this paper are part of the CTDAS code repository maintained by Wageningen University & Research, and all model results and code will be provided on request from the corresponding author (Aki Tsuruta: Aki.Tsuruta@fmi.fi). TCCON data (Blumenstock et al., 2014; De Mazière et al., 2014; Deutscher et al.,
2014; Feist et al., 2014; Griffith et al., 2014a, b; Hase et al., 2014;
Iraci et al., 2014; Kawakami et al., 2014; Kivi et al., 2014; Sherlock et al., 2014a, b; Strong et al., 2014; Sussmann and Rettinger,
2014; Wennberg et al., 2014a–e) are available from the TCCON
Data Archive, hosted by the Carbon Dioxide Information Analysis Center (CDIAC) at Oak Ridge National Laboratory, Oak Ridge,
Tennessee, USA, http://tccon.ornl.gov.

The Supplement related to this article is available online
at doi:10.5194/gmd-10-1261-2017-supplement.
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Abstract. We present inverse modelling ('top-down') estimates of European methane (CH4) emissions for 2006-2012 based
on a new quality-controlled and harmonized in-situ data set from 18 European atmospheric monitoring stations. We applied
an ensemble of seven inverse models and performed four inversion experiments, investigating the impact of different sets of
stations and the use of 'a priori' information on emissions.
5

The inverse models infer total CH4 emissions of 26.8 (20.2-29.7) Tg CH4 yr-1 (mean, 10th and 90th percentiles from all
inversions) for the EU-28 for 2006-2012 from the four inversion experiments. For comparison, total anthropogenic CH4
emissions reported to UNFCCC ('bottom-up', based on statistical data and emissions factors) amount to only 21.3 Tg CH4 yr-1
(2006) to 18.8 Tg CH4 yr-1 (2012). A potential explanation for the higher range of 'top-down' estimates compared to 'bottomup' inventories could be the contribution from natural sources, such as peatlands, wetlands, and wet soils. Based on seven

10

different wetland inventories from the "Wetland and Wetland CH4 Inter-comparison of Models Project" (WETCHIMP) total
wetland emissions of 4.3 (2.3-8.2) CH4 yr-1 from EU-28 are estimated. The hypothesis of significant natural emissions is
supported by the finding that several inverse models yield significant seasonal cycles of derived CH4 emissions with maxima
in summer, while anthropogenic CH4 emissions are assumed to have much lower seasonal variability. Taking into account the
wetland emissions from the WETCHIMP ensemble, the top-down estimates are broadly consistent with the sum of

15

anthropogenic and natural bottom-up inventories. However, the contribution of natural sources remains rather uncertain,
especially their regional distribution.
Furthermore, we investigate potential biases in the inverse models by comparison with regular aircraft profiles at four European
sites and with vertical profiles obtained during the "Infrastructure for Measurement of the European Carbon Cycle (IMECC)"
aircraft campaign. We present a novel approach to estimate the biases in the derived emissions, based on the comparison of

20

simulated and measured enhancements of CH4 compared to the background, integrated over the entire boundary layer and over
the lower troposphere. The estimated average regional biases range between -40% and 20% at the aircraft profile sites in
France, Hungary and Poland.

1 Introduction
Atmospheric methane (CH4) is the second most important long-lived anthropogenic greenhouse gas (GHG), after carbon
25

dioxide (CO2), and contributed ~17% to the direct anthropogenic radiative forcing of all long-lived GHGs in 2016, relative to
1750 (NOAA Annual Greenhouse Gas Index (AGGI) [Butler and Montzka, 2017]). The globally averaged CH4 mole fraction
reached a new high of 1842.8 ± 0.5 ppb in 2016 (global average from marine surface sites [Dlugokencky, 2017]), more than
2.5 times the pre-industrial level [WMO, 2016b]. The increase in atmospheric CH4 has been monitored by direct atmospheric
measurements since the late 1970s [Blake and Rowland, 1988; Cunnold et al., 2002; Dlugokencky et al., 1994; Dlugokencky

30

et al., 2011]. Atmospheric growth rates were large in the 1980s, decreased in the 1990s and were close to zero during 19992006. Since 2007, atmospheric CH4 increased again significantly [Dlugokencky et al., 2009; Nisbet et al., 2014; Rigby et al.,
2008], at an average growth rate of 5.7 ± 1.1 ppb yr-1 during 2007-2013, and at a further increased rate of 10.1 ± 2.3 ppb yr-1
during 2014-2016 [Dlugokencky, 2017].
While the global net balance (global sources minus global sinks) of CH4 is well defined by the atmospheric measurements of

35

in-situ CH4 mole fractions at global background stations, the attribution of the observed spatial and temporal variability to
specific sources and regions remains very challenging [Houweling et al., 2017; Kirschke et al., 2013; Saunois et al., 2016].
Global inverse models are widely used to estimate emissions of CH4 at global/continental scale, using mainly high-accuracy
surface measurements at remote stations (e.g. [Bergamaschi et al., 2013; Bousquet et al., 2006; Mikaloff Fletcher et al., 2004a;
b; Saunois et al., 2016]). In addition, satellite retrievals of GHGs have also been used in a number of studies. In particular,
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near-IR retrievals from SCIAMACHY and GOSAT providing column average mole fractions (XCH4) have been demonstrated
2

to provide additional information on the emissions at regional scales [Alexe et al., 2015; Bergamaschi et al., 2009; Wecht et
al., 2014]. However, current satellite retrievals may still have biases and their use in atmospheric models is at present limited
by the shortcomings of models in realistically simulating the stratosphere, especially at higher latitudes [Alexe et al., 2015;
Locatelli et al., 2015]. Furthermore, integration over the entire column implies that the signal from the CH4 variability in the
5

planetary boundary layer (which is directly related to the regional emissions) is reduced in the retrieved XCH4.
In contrast, in-situ measurements at regional surface monitoring stations can directly monitor the atmospheric mole fractions
within the boundary layer, providing strong constraints on regional emissions. Such regional monitoring stations have been
set up in the last years especially in the United States [Andrews et al., 2014] and Europe (e.g., [Levin et al., 1999; Lopez et al.,
2015; Popa et al., 2010; Schmidt et al., 2014; Vermeulen et al., 2011]). The measurements from these stations were used in a
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number of inverse modelling studies to estimate emissions at regional and national scales [Bergamaschi et al., 2010;
Bergamaschi et al., 2015; Ganesan et al., 2015; Henne et al., 2016; Kort et al., 2008; Manning et al., 2011; Miller et al., 2013].
A specific objective of these studies is the verification of 'bottom-up' emission inventories reported under the United Nations
Framework Convention on Climate Change (UNFCCC), which are based on statistical activity data and measured or estimated
emission factors [IPCC, 2006]. For many CH4 source sectors (e.g., fossil fuels, waste, agriculture), emission factors exhibit
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large spatial, temporal and site-to-site variability (e.g., Brandt et al. [2014]), which inherently limits the capability of bottomup approaches to provide accurate total emissions. Particular challenges are the representation of 'high-emitters' or 'superemitters' in bottom-up inventories [Zavala-Araiza et al., 2015], but also of minor source categories (e.g., abandoned coal mines
or landfill sites), which, if not properly accounted for, may result in incorrect inventories. Independent verification using
atmospheric measurements and inverse modelling is therefore considered essential to ensure the environmental integrity of
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reported emissions [Levin et al., 2011; National Academy of Science, 2010; Nisbet and Weiss, 2010; Weiss and Prinn, 2011]
and has been suggested to be used for the envisaged 'transparency framework' under the Paris agreement [WMO, 2016a].
Inverse modelling ('top-down') is a mass-balance approach, providing information from the integrated emissions from all
sources. However, the quality of the derived emissions critically depends on the quality and density of measurements, and the
quality of the atmospheric models used. In particular, when aiming at verification of bottom-up inventories, thorough
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validation of inverse models and realistic uncertainty estimates of the top-down emissions are essential.
Bergamaschi et al. [2015] showed that the range of the derived total CH4 emissions from north-western and eastern Europe
using four different inverse modelling systems, was considerably larger than the uncertainty estimates of the individual models.
While the latter typically use Bayes’ theory to calculate the reduction of assumed 'a priori' emission uncertainties by
assimilating measurements (propagating estimated observation and model errors to the estimated emissions), an ensemble of
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inverse models may provide more realistic overall uncertainty estimates, since estimates of model errors are often based on
strongly simplified assumptions and do not represent the total uncertainty. Furthermore, validation of the inverse models
against independent observations not used in the inversion is important to assess the quality of the inversions.
Here, we present a new analysis, estimating European CH4 emissions over the time period 2006-2012 using seven different
inverse models. We apply a new, quality-controlled and harmonized data set of in-situ measurements from 18 European
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atmospheric monitoring stations generated within the European FP7 project InGOS ("Integrated non-CO2 Greenhouse gas
Observing System"). The InGOS data set is complemented by measurements from additional European and global discrete air
sampling sites. Compared to the previous paper by Bergamaschi et al. [2015], which analysed 2006-2007, this study extends
the target period (2006-2012), takes advantage of the larger and more stringently quality-controlled observational data set, and
includes additional inverse models. Furthermore, we present a more comprehensive validation of model results using an
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extended set of aircraft observations, aiming at a more quantitative assessment of the overall errors. Finally we examine in
more detail the potential contribution of natural emissions (such as peatlands, wetlands, or wet soils) using seven different
3

wetland inventories from the "Wetland and Wetland CH4 Inter-comparison of Models Project" (WETCHIMP) [Melton et al.,
2013; Wania et al., 2013].

2 Atmospheric measurements
The European monitoring stations used in this study are compiled in Table 1 and their locations are shown in Figure 1. The
5

core data set is from 18 stations with in-situ CH4 measurements. These measurements have been rigorously quality-controlled
within the InGOS project. The quality control includes regular measurements of so-called target gases that monitor instrument
performance and long-term stability [Hammer et al., 2013; Lopez et al., 2015; Schmidt et al., 2014; WMO, 1993]. The
instrument precision has been evaluated as 24 h moving 1σ standard deviation of bracketing working standards (denoted as
"working standard repeatability"). A suite of other quality measures and error contributions, uncertainty in non-linearity
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corrections, potentially causing systematic biases between stations, have been investigated [Vermeulen, 2016], however, they
have not been used in the inversions. The in-situ measurements are reported as hourly average dry air mole fractions (in units
of nmol mol-1, abbreviated as ppb), including the standard deviation of all individual measurements within one hour.
At most stations, the measurements have been performed using gas chromatography (GC) systems equipped with flame
ionization detectors (FID). At the station Pallas (PAL), a GC-FID was applied until January 2009, and then replaced by a
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cavity ring-down spectrometer (CRDS). CRDS measurements (which are superior in precision compared to GC-FID) also
started at other measurement sites, but here we used the GC measurements wherever available for the sake of time-series
consistency while CRDS measurements were included for quality control and error assessment.
The InGOS measurements are calibrated against the NOAA-2004 standard scale (which is equivalent to the World
Meteorological Organization Global Atmosphere Watch WMO-CH4-X2004 CH4 mole fraction scale) [Dlugokencky et al.,
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2005], except the InGOS measurements at Mace Head (MHD), for which the Tohoku University (TU) CH4 standard scale has
been used [Aoki et al., 1992; Prinn et al., 2000]. The two calibration scales are in close agreement. Based on parallel
measurements by NOAA and Advanced Global Atmospheric Gases Experiment (AGAGE) at five globally distributed stations
over more than 20 years an average difference of 0.3 ± 1.2 ppb between the two scales has been found. This difference is
considered as not significant, and therefore no scale correction has been applied. In this study, we use the InGOS "release
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2014" data set.
Six InGOS stations are equipped with tall towers, with uppermost sampling heights of 97-300 m above the surface, eight sites
are surfaces stations (at low altitudes) with sampling heights of 6-60 m, and four sites are mountain stations (at altitudes
between 1205 m and 3575 m asl).
The in-situ measurements at the InGOS stations are complemented by discrete air samples from the NOAA Earth System
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Research Laboratory (ESRL) global cooperative air sampling network at 11 European sites (and additional global NOAA sites
used for the global inverse models) [Dlugokencky et al., 1994; Dlugokencky et al., 2009] and at five sites from the French
RAMCES (Réseau Atmosphérique de Mesure des Composés à Effet de Serre) network [Schmidt et al., 2006]. The discrete air
measurements are taken from samples which are usually collected weekly.
For validation of the inverse models, we use CH4 measurements of discrete air samples from four European aircraft profile
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sites at Griffin, Scotland (GRI), Orléans, France (ORL), Hegyhátsál, Hungary (HNG) and Bialystok, Poland (BIK) (see Figure
1). The analyses of the samples from GRI, ORL and HNG were performed at the Laboratoire des Sciences du Climat et de l’
Environnement (LSCE) with the same GC used for RAMCES sites, those from BIK at the Max Planck Institute for
Biogeochemistry (MPI).
Furthermore, we use airborne in-situ measurements from a campaign over Europe, which was performed in September /
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October 2009 as part of the "Infrastructure for Measurement of the European Carbon Cycle" (IMECC) project [Geibel et al.,
4

2012]. All measurements of the discrete air samples (from the NOAA and RAMCES surfaces sites and LSCE and MPI aircraft
profile sites) and from the IMECC aircraft campaign are calibrated against the WMO-CH4-X2004 scale.

3 Modelling
3.1 Inversions
5

Four inversions were performed, investigating the impact of different sets of stations and the use of 'a priori' information on
emissions (see Table 2). Inversion S1 covers 2006-2012 using a base set of observations (including only stations with
maximum data gaps of 1 year), while inversions S2, S3, and S4 were performed for the years 2010-2012 and include additional
stations, for which not all data are available before 2010. In S1, S2, and S3 the InGOS data set is used along with the discrete
air samples from NOAA and RAMCES surfaces sites, while in S4 only the InGOS data are used. The exact sets of stations
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applied in the different inversion experiments are indicated in Table 1. Inversion S1, S2, and S4 use 'a priori' information of
CH4 emissions from gridded inventories. For the anthropogenic CH4 emissions, the "EDGARv4.2FT-InGOS" inventory is
used, which integrates information on major point sources from the European Pollutant Release and Transfer Register
(E-PRTR) into the EDGARv4.2FastTrack CH4 inventory (http://edgar.jrc.ec.europa.eu/overview.php?v=ingos) [JanssensMaenhout et al., 2014]. Since EDGARv4.2FT-InGOS covers only the period 2000-2010, the inventory of 2010 has been
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applied as 'a priori' also for 2011 and 2012. For the natural CH4 emissions from wetlands, most models used the wetland
inventory of J. Kaplan [Bergamaschi et al., 2007] as 'a priori', except TM5-CTE, which applied LPX- Bern v1.0 [Spahni et
al., 2013] instead. Inversion S3 was performed without using detailed bottom-up inventories as 'a priori', in order to analyse
the constraints of observed atmospheric CH4 on emissions independent of 'a priori' information (using a homogeneous
distribution of emissions over land and over the ocean, respectively, as starting point for the inversions in a similar manner as
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in Bergamaschi et al. [2015]; for further details see section 1 of supplementary material).
3.2 Atmospheric models
The atmospheric models used in this study are listed in Table 3. The models include global Eulerian models with zoom over
Europe (TM5-4DVAR, TM5-CTE, LMDZ), regional Eulerian models (CHIMERE) and Lagrangian dispersion models
(STILT, NAME, COMET). The horizontal resolutions over Europe are ~1.0-1.2° (longitude) × ~0.8-1.0° (latitude) for the
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global models (zoom), and ~0.17-0.56° (longitude) × ~0.17-0.5° (longitude) for the regional models. The regional models use
boundary conditions (background CH4 mole fractions) from inversions of the global models (STILT from TM3, COMET from
TM5-4DVAR, CHIMERE from LMDZ, or estimate the boundary conditions in the inversions (NAME), using baseline
observations at Mace Head as 'a priori' estimates. In case of NAME and CHIMERE, the boundary conditions are further
optimized in the inversion.
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All models used the same observational data set described in section 2 (except the stations ZEP and ICE, that are outside the
domain of some regional models and except the mountain stations JFJ, PDM and KAS, which were not used in the NAME
inversions). For the stations with in-situ measurements in the boundary layer, most models assimilated only measurements in
the early afternoon (between 12:00 and 15:00 LT), and for mountain stations only night-time measurements (between 00:00
and 03:00 LT) [Bergamaschi et al., 2015]. However, NAME and COMET used observations at all times. The individual
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inverse models are described in more detail in the supplementary material (section 1).

5

4 Results and discussion
4.1 European CH4 emissions
Figure 2 shows the maps of the European CH4 emissions (average 2010-2012) derived from the seven inverse models for
inversion S4. The corresponding maps for inversions S1-S3 (available from five models) are shown in the supplementary
5

material (Figures 1S-3S). In S1, S2, and S4, which are guided by the 'a priori' information from the emission inventories, the
'a posteriori' spatial distributions are usually close to the prior patterns on smaller scales (determined by the chosen spatial
correlation scale lengths). The NAME inversion groups together grid cells for which the observational constraints are weak,
i.e., it averages over increasingly larger areas at larger distances from the observations. Consequently, in the NAME inversion
the 'fine structure' of the 'a priori' inventories disappears in areas which are not well constrained (e.g., Spain).
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Comparing inversions S1, S2, and S4 shows overall very similar spatial patterns for all inverse models, indicating only
moderate differences in the observational constraints of the three different sets of stations. In particular, addition of NOAA
and RAMCES discrete air samples (inversion S2 vs. S4) results in only minor differences in the derived emissions. When the
larger set of InGOS stations (S2 vs. S1) is used, most models yield higher CH4 emissions from Northern Italy. This is most
likely mainly due to the observations from Ispra (IPR), at the north-western edge of the Po valley, while this area is not well
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constrained in S1.
The information content of the observations is further examined in inversion S3, which does not use detailed emission
inventories (Figure 3S), similar to a previous sensitivity experiment in Bergamaschi et al. [2015]. Especially TM5-4DVAR
and TM3-STILT yield similar spatial distributions with elevated CH4 emissions from the BENELUX area and northwestern
Germany, from the coastal area of northwestern France, Ireland, UK, and the Po valley. Most of these patterns are visible also
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in inversion S3 of NAME, however with more variability on smaller scales (while TM5-4DVAR and TM3-STILT show much
smoother distributions). These regional hotspots are broadly consistent with the bottom-up inventories, which illustrates the
principal capability of inverse modelling to derive emissions that are independent of detailed 'a priori' inventories in the vicinity
of observations. LMDZ and TM5-CTE also show elevated emissions over western and central Europe, but in contrast to the
other three inverse models no regional hotspots. For TM5-CTE this is related to the applied inversion technique (adjusting
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emissions uniformly over large predefined regions), which effectively limits the number of degrees of freedom, and does not
allow retrieval of regional hotspots, if such patterns are not 'a priori' present within the predefined regions. For LMDZ, the
lack of regional hotspots is probably related to the specific settings for this scenario, with a spatial correlation scale length of
500 km, significantly larger than in TM5-4DVAR (50 km) and TM3-STILT (60 km).
Figure 3a displays the annual total European CH4 emissions derived by the models for 2006-2012 in inversion S1, and for
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2010-2012 in S2-S4. The figure shows the total emissions from all EU-28 countries, and separately from northern Europe
(Norway, Sweden, Finland, Baltic countries, and Denmark), western Europe (UK, Ireland, Netherlands, Belgium,
Luxembourg, France, Germany, Switzerland, and Austria), eastern Europe (Poland, Czech Republic, Slovakia, and Hungary),
and southern Europe (Portugal, Spain, Italy, Slovenia, Croatia, Greece, Romania, and Bulgaria). The non-EU-28 countries
Norway and Switzerland are included here in 'northern Europe' and 'western Europe', respectively, but not in EU-28. Six of
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the seven models yield considerably higher total CH4 emissions from the EU-28 compared to the anthropogenic CH4 emissions
reported to UNFCCC (submission 2016), while NAME is very close to the UNFCCC emissions. This behaviour is apparent
also for the European subregions western, eastern and southern Europe, while for northern Europe (where natural CH4
emissions play a large role) also NAME yields higher total CH4 emissions compared to UNFCCC (except for S3 in 2011 and
2012).
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Figure 3a also shows the results from the previous study of Bergamaschi et al. [2015], which used four inverse models
(previous versions of those applied in this study) and a set of 10 European stations with continuous measurements
6

(complemented by discrete air samples) to estimate CH4 emissions in 2006-2007. For TM5-4DVAR, TM3-STILT, and LMDZ
the results are relatively similar (within ~10% for EU-28) to this study, while the CH4 emissions from NAME were ~20%
lower (EU-28). Despite the significantly larger number of European monitoring stations in the present study, however, we
emphasize that the available stations do not very well cover the whole EU-28 area. Consequently, the emissions especially
5

from Southern Europe remain poorly constrained.
For comparison of total emissions derived by the inverse models and anthropogenic emissions from emission inventories it is
essential to account for natural emissions, especially from wetlands, peatlands and wet soils. As an estimate of these emissions
and their uncertainties, we use an ensemble of seven wetland inventories from the "Wetland and Wetland CH4 Inter-comparison
of Models Project" (WETCHIMP) [Melton et al., 2013; Wania et al., 2013] (the spatial distribution of European CH4 emissions
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from the different individual WETCHIMP inventories is shown in Figure 4S). Figure 3a shows the mean, median, minimum
and maximum CH4 emissions from this ensemble for EU-28 and the different European subregions. These quantities are
evaluated after integrating over the corresponding areas, using the multi-annual mean (1993-2004) of the WETCHIMP
inventories. For northern Europe, in particular, the estimated wetland emissions are high (2.5 (1.7-4.3) Tg CH4 yr-1 (mean,
minimum, maximum)) and exceed the anthropogenic CH4 emissions (UNFCCC: 1.3 Tg CH4 yr--1; mean 2006-2012).
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Substantial wetland emissions are also estimated for western Europe (1.6 (0.4-3.1) Tg CH4 yr--1), but wetland emissions are
also non-negligible for eastern Europe (0.3 (0.03-0.9) Tg CH4 yr-1) and southern Europe (0.6 (0.01-1.1) Tg CH4 yr-1), especially
when considering the upper range of these estimates. For EU-28, wetland emissions of 4.3 (2.3-8.2) Tg CH4 yr-1 are estimated,
corresponding to 22% (11%-41%) of reported anthropogenic CH4 emissions.
Taking into account the estimates of the WETCHIMP ensemble brings the results of the six inverse models that derive high
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emissions into the upper uncertainty range of the sum of anthropogenic emissions (reported to UNFCCC) and wetland
emissions, while the emissions derived by NAME fall in the lower range (Figure 3b). This analysis suggests broad consistency
between bottom-up and top-down emission estimates, albeit with a clear tendency (6 of 7 models) towards the upper range of
the bottom-up inventories for the total CH4 emissions from EU-28. This behaviour is apparent also for western and southern
Europe, while for eastern Europe several models are close to or above the upper uncertainty bound (NAME is very close to
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the mean), and for northern Europe several models are rather in the lower range (or below the lower uncertainty bound) of the
combined UNFCCC and WETCHIMP inventory.
Critical to the assessment of consistency between the different approaches, is the analysis of their uncertainties. Inverse models
usually propagate estimated observation and model errors to the estimated emissions, however in particular the model errors
are generally based on simplified assumptions. Furthermore, the error estimates of the inverse models take usually only random
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errors into account, and are based on the assumption that observation and model errors are unbiased. Estimated 2σ uncertainties
for EU-28 top-down emissions range between ~7% and ~33% (except for inversion S3 of NAME, for which uncertainties are
larger than 50%). For the subregions 'northern Europe' and 'southern Europe', which are poorly constrained by measurements,
the model estimates of the relative uncertainties are significantly larger, ranging between ~20% and more than ~100%.
The (2σ) uncertainties of the UNFCCC inventories shown in Figure 3a are based on the uncertainties of major CH4 source
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categories reported by the countries in their national inventory reports. To calculate the uncertainties of total emissions per
country (or group or countries), the reported uncertainties per category were aggregated as described in Bergamaschi et al.
[2015]. We note, however, that uncertainties reported for the same category by different countries exhibit large differences
(e.g., for coal between 9 and 300%, for oil and natural gas between 5 and 460%, for enteric fermentation between 7 and 50%,
for manure management between 5 and 100%, and for solid waste disposal between 22 and 126%), with the lower uncertainty
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estimates appearing unrealistically low. Furthermore, the estimates of the total uncertainties consider only the major categories

7

(EU-28: 93% of reported emissions) and do not take into account potential additional emissions (and their uncertainties) that
are not covered by the inventories.
Figure 3a includes also the anthropogenic CH4 emissions from EDGARv4.2FT-InGOS (for 2006-2010), which are at the upper
uncertainty bound of the UNFCCC inventories for EU-28. The difference between UNFCCC and EDGAR is mainly due to
5

significant differences in CH4 emissions from fossil fuels (coal, oil, and natural gas), which, however, might be overestimated
in some cases in EDGAR [Bergamaschi et al., 2015].
For wetlands, very large differences between the different inventories of the WETCHIMP ensemble are apparent regarding
the spatial emission distribution (see Figure 4S) and the magnitude of the emissions, illustrating the very high uncertainties in
the current estimates. Comparing the different wetland inventories, a striking pattern is visible for LPJ-WHyMe, with very
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high CH4 emissions for the British Isles. The climate of this region has mild winters that allow simulated wetland CH4
emissions to continue year-round, yielding high annual emissions intensity for LPJ-WHyMe [Melton et al., 2013].
In the previous analysis of Bergamaschi et al. [2015] the contribution from natural sources in western and eastern Europe was
considered to be very small, based on the wetland inventory of J. Kaplan [Bergamaschi et al., 2007]. However, that inventory
is close to the lower estimates of the WETCHIMP ensemble. Unfortunately, direct comparisons of CH4 emissions simulated
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by the different wetland inventories with local or regional CH4 flux measurements in European wetland areas are lacking.
Therefore, no conclusions can be drawn as to which of the inventories is most realistic.
To further investigate the contribution of wetland emissions we analyse the seasonal variations. Figure 4 illustrates that four
inverse models (TM5-4DVAR, TM5-CTE, TM3-STILT, and LMDZ) calculate pronounced seasonal variations in total
emissions. For EU-28 the derived seasonality is largely consistent with the seasonality of the wetland emissions from the
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WETCHIMP ensemble (both regarding the amplitude, and the phase with maxima in summer). For northern Europe the
seasonal variations derived by the four inverse models are somewhat smaller compared to the mean of the WETCHIMP
ensemble, while for western and eastern Europe they are somewhat larger, but still broadly within the minimum-maximum
range of the WETCHIMP inventories. For southern Europe, the seasonality of the four inverse models is more irregular, and
the maximum emissions for the wetland ensemble show a clear peak in winter, which however is not apparent in the mean or
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median of the ensemble. This is probably due to the important role of precipitation for the wetland emissions in southern
Europe, while for temperate and boreal regions the seasonal variation of wetland emissions is mainly driven by temperature
(e.g., [Christensen et al., 2003; Hodson et al., 2011]). In contrast to the discussed four models, NAME derives much smaller
seasonal variations, and for western Europe, eastern Europe, and EU-28 with opposite phase (small maximum in winter). Only
for northern Europe, also NAME estimates maximum emissions in summer, however the amplitude is much smaller compared
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to the other models and the WETCHIMP wetland inventories. One reason contributing to the smaller amplitude is that NAME
provides only 3-monthly emissions (compared to monthly resolution of the other four inverse models), but the lower temporal
resolution of NAME clearly explains only a smaller part of the different seasonal cycles. Figure 5S shows that also in inversion
S3 (which is not using any detailed a priori inventory nor any a priori seasonal cycle) significant seasonal cycles of CH4
emissions are derived by TM5-4DVAR, TM3-STILT, LMDZ, and TM5-CTE, which demonstrates that the derived seasonal
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cycles are mainly driven by the observations, and not by the a priori.
Apart from the different behaviour of NAME, the finding that four inverse models derive seasonal cycles that are broadly
consistent with the seasonal cycles calculated by the WETCHIMP ensemble supports a significant contribution of wetlands to
the total CH4 emissions. Commonly, anthropogenic CH4 emissions are assumed to have no significant seasonal variations,
except CH4 emissions from rice and biomass burning (which however play only a minor role in Europe). Unfortunately, only
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very limited information is available about potential seasonal variations of anthropogenic CH4 sources (other than rice and
biomass burning). Ulyatt et al. [2010] reported significant seasonal variations of CH4 emissions from dairy cows, mainly
8

related to the lactation periods of cows. VanderZaag et al. [2014], estimating total CH4 emissions from two dairy farms, found
higher CH4 emissions in fall compared to spring, mainly due to varying CH4 emissions from manure management. Beside
agricultural CH4 sources, CH4 from landfills [Spokas et al., 2011] and waste water may also exhibit seasonal variations, while
only small seasonal variations were found for natural gas distribution systems [McKain et al., 2015; Wennberg et al., 2012;
5

Wong et al., 2016] (and further references therein). Quantitative estimates of potential seasonal variations of anthropogenic
sources cannot be made due to the limited number of studies, but the relative variability of the total anthropogenic sources is
expected to be much smaller compared to wetlands.
Model simulations and bottom-up inventories for individual countries (or group of countries) are shown in the supplementary
material (Figure 6S), illustrating further that wetland emissions are important, particularly in northern European countries, but
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may also contribute significantly for many other countries.
Finally, we analyse the trends in CH4 emissions (Figure 7S). Anthropogenic CH4 emissions reported to UNFCCC for EU-28
decreased by -0.44 ± 0.02 Tg CH4 yr-2 during 2006-2012. Also all 5 inversions which are available for this period (inversion
S1) derive negative CH4 emission trends ranging between -0.19 and -0.58 Tg CH4 yr-2. The uncertainties given for the trends
of the individual inversions (and the reported CH4 emissions), however, include only the uncertainty of the linear regression
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(i.e. reflecting the scatter of the annual values around the linear trend), but do not take into account the uncertainties of the
annual mean values and the error correlations between different years. In particular the latter remain very difficult to estimate,
which currently limits clear conclusions about the significance of the trends.
4.2 Evaluation of inverse models
First we evaluate the performance of model simulations at the atmospheric monitoring stations. Figure 8S shows the correlation

20

coefficients, bias, root mean square (RMS) difference, and the ratio between modelled and observed standard deviation for
inversion S4, including stations that were assimilated and stations that were used for validation only. For the evaluation of the
statistics for the in-situ measurements, we use only early afternoon data (between 12:00 and 15:00 LT). Averaging over all
stations, the correlation coefficients are between 0.65 and 0.79 for 6 models, and 0.5 for COMET. The ranking of models in
terms of correlation coefficients is closely reflected in the achieved average RMS values, ranging between 33 and 70 ppb (with

25

models with higher correlation coefficients typically achieving lower average RMS). At several tall towers a clear tendency of
decreasing RMS with increasing sampling height is visible, demonstrating the benefit of higher sampling heights, which allow
more representative measurements that are less affected by local sources and that can be better reproduced by the models.
While the evaluation of the model simulations at the monitoring stations provides a measure of the quality of the inversions
and the atmospheric transport models applied (e.g., with the correlation coefficients describing how much of the observed
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variability can be explained by the models), the analysis of the station statistics cannot quantify how realistic the derived
emissions are, but gives only some qualitative indications about potential biases of the emissions. The inverse models optimize
model emissions to achieve an optimal agreement between simulated and observed atmospheric CH4 mole fractions (taking
into account the a priori constraints). This implies that potential biases of the model (or the observations) may be compensated
in the inversions by introducing biases in the derived emissions. In particular, vertical mixing of the models is very critical in
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this context. For example, too strong vertical mixing of the transport models may be compensated in the inversion by enhancing
the model emissions (i.e. deriving model emissions that are higher than real emissions) such that a good agreement between
simulated and observed mole fractions at the surface can still be achieved. An important diagnostic to identify such potential
systematic errors is the analysis of vertical profiles (including the boundary layer and the free troposphere). For this purpose
we compare our model simulations with regular aircraft profiles at four European sites (Figure 5). At Griffin (GRI), observed
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and simulated mole fractions show only small vertical gradients, while at Orléans (ORL), Hegyhátsál (HNG), and Bialystok
9

(BIK) large vertical gradients are visible, with increasing values towards the surface. The figure also includes the background
mole fractions in the absence of model emissions over Europe calculated by TM5-4DVAR (based on the scheme of Rödenbeck
et al. [2009]). At GRI, the measurements are in general very close to the background mole fractions, illustrating that the impact
of European emission is rather limited at this site. In contrast, pronounced enhancements in measured and simulated CH4
5

compared to the background are apparent at the other three sites, especially in the lower ~2 km due to regional emissions.
These enhancements show some seasonal variation, with largest vertical extension during summer (~2 km), while they are
confined to the lower ~1 km during winter, due to the seasonal variations in the average boundary layer height [Koffi et al.,
2016]. Please note that the differences of the background mole fractions which are visible in Figure 5 between some sites, are
partly due to the different temporal sampling at the different sites (compare Figure 6).
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To analyse potential model biases more quantitatively, we evaluate in the following the enhancement of observations and
model simulations compared to background CH4 values (1) integrated over the entire boundary layer, and (2) integrated over
the lower troposphere up to ~3-4 km. The rationale behind this approach is that emissions initially mainly accumulate within
the boundary layer. Therefore, potential biases in model emissions should be reflected in differences between the observed
and modelled integrated enhancement within the boundary layer. For the overall budget, however, mixing between boundary
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layer and free troposphere plays an important role. Thus, the enhancement integrated over the entire lower troposphere provides
additional diagnostics for potential model biases.
The integration of the enhancements is shown for the individual profiles at ORL, HNG and BIK in the supplementary material
(Figures 9S, 10S, 11S). In addition, we use also aircraft measurements from the IMECC campaign in September / October
2009 (Figure 12S). These include profile measurements at Orléans and Bialystok, but also at Karlsruhe, Jena, and Bremen,
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hence extending the spatial coverage of the sites with regular profiles (ORL, HNG and BIK). To calculate the enhancements
for the individual profiles, we apply the background mole fractions calculated for the TM5-4DVAR zoom domain as the
common reference for the observations and the model simulations for all global models (i.e. TM5-4DVAR, TM5-CTE, and
LMDZ). For STILT and NAME, the background CH4 is calculated for the STILT and NAME domains, but the dependence of
the background mole fractions (calculated by TM5-4DVAR) on the exact extension of the domain is generally rather small.
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However, the CH4 background mole fractions used in the inversions of the regional models (for NAME based on baseline
observations at Mace Head and for TM3-STILT based on the TM3 model) shows significant differences compared to the TM54DVAR background, with typically ~10 ppb higher values at the three continental aircraft sites (ORL, HNG, BIK; see Figure
5). In order to investigate which background mole fractions are more realistic we compared the model simulations with the
aircraft observations for events with very low simulated contribution (≤ 3 ppb) from European CH4 emissions (Figure 14S).
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This analysis shows that TM5-4DVAR simulations are close to the observations (average bias between -1.1 and 3.5 ppb),
which indicates that the TM5-4DVAR background is relatively realistic, while NAME and TM3-STILT are consistently higher
at the continental aircraft sites with average biases of 12-13 ppb for NAME and 9-12 ppb for TM3-STILT. This supports the
use of the background calculated with TM5-4DVAR as reference for the measurements. For the evaluation of the simulated
CH4 enhancements of the regional models, however, we use the actual background used in NAME and TM3-STILT.
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For the integration over the boundary layer, we use the boundary layer height (BLH) diagnosed by TM5. A recent comparison
of the TM5 BLH with observations from the NOAA Integrated Global Radiosonde Archive (IGRA) [Koffi et al., 2016] showed
that TM5 reproduces the daytime BLH relatively well (within ~10–20%), but larger deviations were found for the nocturnal
BLH, especially during summer, when very low BLHs (< 100 m) are observed. Here, we use only profiles for which the (TM5
diagnosed) BLH is not lower than 500 m. The average enhancement of the measurements and model simulations in the
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boundary layer compared to background is denoted as ∆cMOD, BL and ∆cOBS, BL, respectively (further details about the evaluation
of the enhancements are given in the supplementary material). Figure 6 shows the derived 'relative bias', defined as:
10

rbBL = (∆cMOD, BL - ∆cOBS, BL) / ∆cOBS, BL
for ORL, HNG, BIK for the entire target period 2006-2012 (inversion S1). The three global inverse models (i.e. TM5-4DVAR,
TM5-CTE, and LMDZ) show in general only a small average relative bias (rbBL between -7% and 10%) at the three aircraft
sites. In contrast, TM3-STILT and NAME have significant negative relative biases (TM3-STILT: rbBL between -13% and 5

24% for the three sites; NAME rbBL = -30% for ORL and HNG).
These negative biases are likely related to the positive bias in the background CH4 used for NAME and TM3-STILT (see
above), since the regional models invert the difference between the observations and the assumed background. In fact, also at
most continental atmospheric monitoring stations, the background used for NAME and TM3-STILT is significantly higher
(~10 ppb) compared to the TM5-4DVAR background (Figure 15S).

10

The 'relative bias' is also extracted separately for different seasons (right panel of Figure 6). There is no clear seasonal cycle
in the relative bias apparent and the variability between the different seasons is generally small (data points at BIK for DJF are
considered not significant as they are from one single profile only). From this analysis there is no evidence that the seasonal
cycle of emissions derived by four inverse models (TM5-4DVAR, TM5-CTE, TM3-STILT, and LMDZ; see section 4.1) with
clear maxima in summer could be due to a seasonal bias in the transport models. At the same time, however, NAME, which
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calculates much smaller seasonal variations of emissions, also shows no seasonal variations of the average bias at ORL and
HNG. However, especially at HNG the total number of profiles is rather small (n=22), which limits the analysis of potential
seasonal transport biases.
Figure 13S shows the relative bias of the CH4 enhancements integrated over the lower troposphere, defined as:
rbCOL = (∆cMOD, COL - ∆cOBS, COL) / ∆cOBS, COL.
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The three global inverse models (i.e. TM5-4DVAR, TM5-CTE, and LMDZ) have a relative bias between of -4% and 20% at
the three aircraft sites, indicating a small tendency to overestimate the European CH4 emissions, while the regional models
show a negative relative bias (TM3-STILT: between -9% and -20% for the three sites; NAME -31% for ORL and -40% HNG).
Figure 7 presents an overview of the derived relative biases for the enhancement integrated over the boundary layer (rbBL, top
panel of figure) and in the lower troposphere (rbCOL, lower panel). The differences of the relative bias integrated over the lower
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troposphere compared to that integrated only over the boundary layer (e.g., rbCOL > rbBL for TM5-4DVAR and TM5-CTE at
ORL and BIK) suggests that shortcomings of the models to simulate the exchange between the boundary layer and the free
troposphere may contribute significantly to the bias in the derived emissions. An illustrative example of the shortcomings of
the models to simulate the free troposphere are the IMECC profiles at Bialystok on 30 September 2009 (Figure 12S). The
measurements show a considerable CH4 enhancement (~25 ppb) at around 3.5 to 4 km, which is not reproduced by the models.
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This could indicate that cloud convective transport was missed by the models.
A general limitation of the analysis of the enhancements integrated over the lower troposphere, however, is that this analysis
is more sensitive to potential errors in the simulated background mole fractions in the free troposphere compared to the
boundary layer, because of the generally much lower enhancements in the free troposphere.
Finally, we analyse the correlation between the relative bias of the integrated CH4 enhancements and the regional model
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emissions. Figure 16S shows the relationship between rbBL and the average model emissions around the aircraft site, integrating
all model grid cells with a maximum distance of 400 km (hereafter referred to as integration radius) from the aircraft site. At
all three sites clear correlations between rbBLand the regional model emissions are found, which confirms that rbBL, derived
from the aircraft profiles, can be used to diagnose biases in the regional model emissions.
The derived correlations depend on the chosen area, over which model emissions are integrated. For ORL and HNG, significant

40

correlations were found for integration radii between 200 and 800 km, while for BIK different integration radii resulted in
poorer correlations (now shown), probably related to significant differences in the spatial emission patterns derived by the
11

different models around this site. To further improve the analysis, the 'footprints' (i.e. sensitivities of atmospheric
concentrations to surface emissions) of the individual aircraft profiles should be taken into account in the future. Furthermore,
it would be useful, to calculate for all global models individually the background mole fractions using the scheme of Rödenbeck
et al. [2009]. This would allow to derive the modelled CH4 enhancements more accurately.

5

5 Conclusions
We have presented estimates of European CH4 emissions for 2006-2012 using the new InGOS data set of in-situ measurements
from 18 European monitoring stations (and additional discrete air sampling sites) and an ensemble of seven different inverse
models. For the EU-28, total CH4 emissions of 26.8 (20.2-29.7) Tg CH4 yr-1 are derived (mean, 10% percentile, and 90%
percentile from all inversions), compared to total anthropogenic CH4 emissions of 21.3 Tg CH4 yr-1 (2006) to 18.8 Tg CH4 yr-1
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(2012) reported to UNFCCC. Our analysis highlights the potential significant contribution of natural emissions from wetlands
(including peatlands and wet soils) to the total European emissions, with total wetland emissions of 4.3 (2.3-8.2) Tg CH4 yr-1
(EU-28) estimated from the WETCHIMP ensemble of seven different wetland inventories [Melton et al., 2013; Wania et al.,
2013]. The hypothesis of a significant contribution from natural emissions is supported by the finding that four inverse models
(TM5-4DVAR, TM5-CTE, TM3-STILT, LMDZ) derive significant seasonal variations of CH4 emissions with maxima in
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summer. However, the NAME model calculates only a weak seasonal cycle, with small maximum (of EU-28 total CH4
emissions) in winter. Furthermore, it needs to be emphasized that wetland inventories have large uncertainties and show large
differences in the spatial distribution of CH4 emissions.
Taking into account the estimates of the WETCHIMP ensemble, the bottom-up and top-down estimates of total EU-28 CH4
emissions are broadly consistent within the estimated uncertainties. However, the results from six inverse models are in the
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upper uncertainty range of the sum of anthropogenic emissions (reported to UNFCCC) and wetland emissions, while the
emissions derived by NAME are in the lower range. Furthermore, the comparison of bottom-up and top-down estimates shows
some differences for the different European subregions. For northern Europe (including Norway) several models are rather in
the lower range (or below the lower uncertainty bound) of the combined UNFCCC and WETCHIMP inventory, while for
eastern Europe several models are close to the upper uncertainty bound or above (NAME is very close to the mean).
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Considering the estimated uncertainties of the inverse models, however, the uncertainty ranges of bottom-up and top-down
estimates generally overlap for the different European subregions.
To estimate potential biases of the emissions derived by the inverse models, we analysed the enhancements of CH4 mole
fractions compared to the background, integrated over the entire boundary layer and over the lower troposphere, using regular
aircraft profiles at four European sites and the IMECC aircraft campaign.
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This analysis showed for the three global inverse models (TM5-4DVAR, TM5-CTE, and LMDZ) a relatively small average
relative bias (rbBL between -7% and 10%, rbCOL -4% and 20% for ORL, HNG and BIK). The regional models revealed a
significant negative bias (TM3-STILT: rbBL between -13% and -24%, rbCOL between -9% and -20% for ORL, HNG and BIK;
NAME rbBL = -30%, rbCOL between -31% and -40% at ORL and HNG). A potential cause for the negative relative bias of
TM3-STILT and NAME is the significant positive bias of the background used in TM3-STILT (from global TM3 inversion)
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and NAME (based on measurements at baseline conditions at Mace Head).
The relative bias rbBL shows clear correlations with regional model emissions around the aircraft profile sites, which confirms
that rbBL can be used to diagnose biases in the regional model emissions. The accuracy of the estimated relative biases,
however, depends on the quality of the simulated background mole fractions. In particular the enhancements derived for the
lower troposphere above the boundary layer (which are usually much smaller than the enhancements within the boundary
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layer) are very sensitive to the background mole fractions. Therefore, potential model errors in the exchange between the
boundary layer and the free troposphere (and their impact on the derived emissions) remain difficult to quantify.
Our study highlights the challenge to verify anthropogenic bottom-up emission inventories with the small uncertainties
desirable for the international climate agreements. To reduce the uncertainties of the top-down estimates (1) the natural
5

emissions need to be better quantified, (2) transport models need to be further improved, including their spatial resolution and
in particular the simulation of vertical mixing, and (3) the network of atmospheric monitoring stations should be further
extended, especially in southern Europe, which is currently clearly under-sampled. Furthermore, the uncertainty estimates of
bottom-up inventories (including both the anthropogenic and natural emissions) and atmospheric inversions need to be further
improved.
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Tables

5

Table 1: European monitoring stations used in this study. "s.h." is the sampling height (m) above ground, "ST" specifies the
sampling type ("I": in-situ measurements; "D": discrete air sample measurements). The last four columns indicate the use of
the corresponding station data set in the inversions S1-S4 (see section 3.1 and Table 2).

1
2

ID
ZEP

station name
Ny-Alesund

Bialystok

data provider
InGOS/NILU1
NOAA
NOAA
InGOS/FMI2
NOAA
NOAA
InGOS/MGO3
InGOS/UoE4
NOAA
InGOS/CIO5
InGOS/UoB6
NOAA
InGOS/MPI7

lat
78.91
78.91
72.60
67.97
67.97
63.40
59.95
56.55
55.35
53.40
53.33
53.33
53.23

lon
11.88
11.88
-38.42
24.12
24.12
-20.29
30.70
-2.98
17.22
6.35
-9.90
-9.90
23.03

alt
474
474
3210
565
560
118
70
313
3
1
25
5
183

SUM
PAL

Summit
Pallas

ICE
VKV
TTA
BAL
LUT
MHD

Storhofdi,
Voeikovo
Angus
Baltic Sea
Lutjewad
Mace Head

BIK1
BIK2
BIK3
BIK4
BIK5
CBW1
CBW2
CBW3
CBW4
OXK1
OXK2
OXK3
OXK
HEI
KAS
LPO
GIF
TRN1
TRN2
TRN3
TRN4
SCH
HPB
HUN
HUN
JFJ
IPR
PUY
PUY
BSC
PDM
BGU
LMP
FIK

Cabauw

InGOS/ECN8

51.97

4.93

-1

Ochsenkopf

InGOS/MPI7

50.03

11.82

1022

Heidelberg
Kasprowy Wierch
Ile Grande
Gif sur Yvette
Trainou

NOAA
InGOS/IUP9
InGOS/AGH10
RAMCES
InGOS/LSCE11
InGOS/LSCE11

50.03
49.42
49.23
48.80
48.71
47.96

11.82
8.67
19.98
-3.58
2.15
2.11

1022
116
1987
20
160
131

InGOS/UBA12
NOAA
InGOS/HMS13
NOAA
InGOS/EMPA14
InGOS/JRC15
InGOS/LSCE11
RAMCES
NOAA
RAMCES
RAMCES
NOAA
RAMCES

47.91
47.80
46.95
46.95
46.55
45.81
45.77
45.77
44.17
42.94
41.97
35.52
35.34

7.91
11.01
16.65
16.65
7.98
8.63
2.97
2.97
28.68
0.14
3.23
12.62
25.67

1205
985
248
248
3575
223
1465
1465
0
2877
13
45
150

Schauinsland
Hohenpeissenberg
Hegyhátsál
Jungfraujoch
Ispra
Puy de Dome
Black Sea
Pic du Midi
Begur
Lampedusa
Finokalia

Norwegian Institute for Air Research, Norway
Finnish Meteorological Institute, Helsinki, Finland
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9
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25
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5
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6
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Energy research Centre of the Netherlands, Petten, Netherlands
9
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Table 2: CH4 inversions

1

30

inversion

a priori emissions

period

InGOS station

S1
S2
S3
S4

EDGARv4.2FT-InGOS
EDGARv4.2FT-InGOS
no detailed a priori inventory1
EDGARv4.2FT-InGOS

2006-2012
2010-2012
2010-2012
2010-2012

base
extended
extended
extended

see section 3.1

Table 3: Atmospheric models
Model

Institution

TM5-4DVAR

EC JRC

TM5-CTE

FMI

TM3-STILT

MPI-BGC

LMDZ

LSCE

NAME

Met Office

CHIMERE
COMET

LSCE
ECN

Resolution of transport model:
Horizontal (lon × lat)
Europe: 1° × 1°
Global: 6° × 4°
Europe: 1° × 1°
Global: 6° × 4°
Europe: 0.25° × 0.25° (STILT)
Global: 5° × 4° (TM3)
Europe: ~1.2° × 0.8°
Global: ~ 7° × 3.6°
0.5625° × 0.375° 1
0.3516° × 0.2344° 2
0.5° × 0.5°
0.17° × 0.17°

Vertical

Meteorology

25

ECMWF ERA-INTERIM

25

ECMWF ERA-INTERIM

61 (STILT)
26 (TM3)
19

ECMWF operational analysis (STILT)
ECMWF ERA-INTERIM (TM3)
Nudged to ECMWF ERA-INTERIM

TM35

313
594
29
60

Met Office Unified Model (UM)

based on measurements at
Mace Head6
LMDZ6
TM5-4DVAR

ECMWF ERA-INTERIM
ECMWF ERA-INTERIM

for simulation period 01/2006-03/2010
for simulation period 03/2010-12/2012
3
for simulation period 01/2006-10/2009
4
for simulation period 10/2009-12/2012
5
coupling based on the method of Rödenbeck et al. [2009],
6
further optimized in the inversion
1

35

40

NOAA+RAMCES
discrete air samples
●
●
●
-

2
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Background CH4
(regional models)
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Figure 1: Map showing locations of InGOS atmospheric monitoring stations with in-situ CH4 measurements (filled red circles), additional
stations with discrete air sampling (open blue circles), and the locations of the aircraft profiles (green symbols).
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Figure 2: European CH4 emissions derived from the seven inverse models (inversion S4; average 2010–2012; for CHIMERE only 2010).
Filled blue circles are the locations of the InGOS measurement stations. Upper left panel shows a priori CH4 emissions (as applied in TM54DVAR at 1°×1° resolution, while regional models use higher resolution for the a priori emissions).
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Figure 3: (a) Annual total CH4 emissions derived from inversions for northern, western, eastern, and southern Europe, and for EU-28
(coloured symbols; bars show estimated 2σ uncertainties). For comparison, anthropogenic CH4 emissions reported to UNFCCC (black line;
grey range: 2σ uncertainty estimate based on National Inventory Reports), and from EDGARv4.2FT-InGOS (black stars) are shown.
Furthermore, the blue lines show wetland CH4 emissions from the WETCHIMP ensemble of seven models (mean (blue solid line); median
(blue dashed line); minimum-maximum range (light-blue range)). The previous estimates of total CH4 emissions from Bergamaschi et al.
[2015] for 2006 and 2007 are shown within the yellow rectangles. (b) Comparison of annual total CH4 emissions derived from inversions
with the sum of anthropogenic CH4 emissions reported to UNFCCC and wetland CH4 emissions from the WETCHIMP ensemble (violet
line; the light-violet range is the combined uncertainty range based on the 2σ uncertainty of UNFCCC inventories and the minimummaximum range of the WETCHIMP ensemble).
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Figure 4: Same as Fig. 3a, but including seasonal variation of CH4 emissions derived from the inversions (S1 only; 3-monthly running mean
(coloured solid lines)), and seasonal variation of wetland CH4 emissions from the WETCHIMP ensemble of seven models (mean (blue solid
line); median (blue dashed line); minimum-maximum range (light-blue range); 3-monthly running mean).
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Figure 5: Seasonal averages over all available aircraft profile measurements of CH4 at Griffin (Scotland), Orléans (France), Hegyhátsál
(Hungary), and Bialystok (Poland) (black crosses) during 2006–2012 and average of corresponding model simulations (filled coloured
symbols). The open circles show the calculated background mole fractions, based on the method of Rödenbeck et al. [2009], calculated with
TM5-4DVAR for the TM5-4DVAR zoom domain (grey), and for the NAME (green) and TM3-STILT (violet) domains (the latter are,
however, only partially visible, since they largely overlap with the background for the TM5-4DVAR zoom domain). The open upper triangles
(green) are the background mole fractions used in NAME (based on baseline observations at Mace Head), and open lower triangles (violet)
are the background mole fractions used in TM3-STILT (based on TM3 model).
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Figure 6: 'Relative' bias within the boundary layer evaluated from simulated and observed CH4 mole fraction enhancements compared to
the background (rbBL = (∆cMOD, BL - ∆cOBS, BL) / ∆cOBS, BL); see section 4.2). For NAME the model enhancement has been evaluated using
the NAME background, for TM3-STILT using the TM3 background, while for all other models the TM5-4DVAR background is used. Left:
time series; right: seasonal averages (including 1σ standard deviation) with numbers of available profiles given as bargraphs (see right axis).
The numbers on the right side are the average relative bias, 1σ standard deviation, and total number of profiles over the entire period.
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Figure 7: Overview of 'relative' bias at different aircraft sites. Top: 'relative' bias within the boundary layer (rbBL). Bottom: column-averaged
'relative' bias (rbCOL). For NAME the relative bias has been evaluated using the NAME background, for TM3-STILT using the TM3
background, while for all other models the TM5-4DVAR background is used. Numbers of available profiles given as bargraphs (see right
axis).
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Methane budget estimates in Finland from the CarbonTracker
Europe-CH4 data assimilation system

We estimated CH4 budget in Finland for 2004–2014 using the CTE-CH4 data
assimilation system with an extended atmospheric CH4 observation network of
seven sites from Finland and surrounding regions (Hyytiälä, Kjølnes, Kumpula,
Pallas, Puijo, Sodankylä and Utö). The estimated average annual total emission for
Finland is 0.6 ± 0.5 Tg CH4 yr−1 . Sensitivity experiments show that the posterior

biospheric emission estimates for Finland are between 0.3-0.9 Tg CH4 yr−1 , which
lies between the LPX-Bern-DYPTOP (0.2 Tg CH4 yr−1 ) and LPJG-WHyMe (2.2
Tg CH4 yr−1 ) process-based model estimates. For anthropogenic emissions, we
found that the EDGAR v4.2 FT2010 inventory (0.4 Tg CH4 yr−1 ) is likely to
overestimate emissions in southernmost Finland, but the extent of overestimation
and possible re-location of emissions are difﬁcult to derive from the current
observation network. The posterior emission estimates were especially reliant on
prior information in central Finland. However, based on analysis of posterior
atmospheric CH4 , we found that the anthropogenic emission distribution based on a
national inventory is more reliable than the one based on EDGAR v4.2 FT2010.
The contribution of emissions in Finland to global emissions is only about 0.13%,
and the emissions in Finland do not contribute to an increase in global emissions.
The model was able to reproduce observed atmospheric CH4 at the sites in Finland
and surrounding regions fairly well (correlation > 0.75, bias < ±7 ppb), supporting
adequacy of the observations to be used in atmospheric inversion studies. In

addition to global budget estimates, we found that CTE-CH4 is also applicable for
regional budget estimates, where small scale (1◦ ×1◦ in this case) optimisation is
possible with a dense observation network.

Keywords: CH4 ﬂux, atmospheric CH4 , Finland, data assimilation, ﬂux estimation.
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Introduction

Methane (CH4 ) is the second most important greenhouse gas after carbon dioxide (CO2 ),
which is directly inﬂuenced by anthropogenic emissions and which induced an effective
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radiative forcing of +0.50 ± 0.05 W m−2 since pre-industrial times (update of Hofmann
et al. (2006), https://www.esrl.noaa.gov/gmd/aggi/aggi.html). CH4 is emitted from both
anthropogenic and natural sources. Major sources of anthropogenic CH4 emissions
include emissions from solid fuels, gas and oil production and distribution, agriculture
(e.g. enteric fermentation and rice ﬁelds), waste management (landﬁlls) and biomass
burning, which in total accounts for more than half of global emissions (Kirschke et al.,
2013; Saunois et al., 2016). Major sources of natural CH4 emission are wetlands and
peatlands, accounting for about 30% of global emissions (Kirschke et al., 2013; Saunois
et al., 2016).
Boreal and subarctic terrestrial land is covered by a large areas of peatlands,
where about one ﬁfth of global terrestrial carbon is stored (Ciais et al., 2013). The
processes related to CH4 ﬂuxes from northern boreal regions have been extensively
studied (e.g. Aurela et al., 2009; Christensen et al., 1996; Dinsmore et al., 2017;
Emmerton et al., 2016; Lohila et al., 2011; Nykänen et al., 1998; Rinne et al., 2007), and
show that CH4 ﬂuxes are highly sensitive to climatic drivers that vary seasonally and
interannually (Christensen et al., 2003). In addition, CH4 ﬂuxes from wetlands and
peatlands are highly heterogeneous in space (Frolking and Crill, 1994; Moore et al.,
1994). Even points separted by distances of a few meters or less, CH4 ﬂuxes can differ
signiﬁcantly (Moore et al., 1998). Therefore, upscaling and modelling of CH4 ﬂuxes on
regional scales has been challenging, and the estimates still have large uncertainties
(Cresto Aleina et al., 2016; Fisher et al., 2017; Petrescu et al., 2010; Wania et al., 2013).
Anthropogenic emissions from Finland are relatively small compared to e.g.
Asia, America, Russia and central Europe, due to its limited number of large cities and
lower emissions from agricultural activities. However, their magnitude is comparable to
that of natural emissions in Finland where substantial areas of peatland are located
(Huttunen et al., 2003; Minkkinen et al., 2002; Monni and Benviroc Ltd, 2013;
Statistics Finland, 2015.).
Anthropogenic CH4 emissions from Fennoscandia are assumed to have a small
seasonal variation and large uncertainty in their spatial distribution. Emission
inventories, such as that by the Emission Database for Global Atmospheric Research
(EDGAR) and ECLIPSE (Stohl et al., 2015) provide gridded global anthropogenic
emission estimates that have been used for global and regional studies (e.g. Bergamaschi
et al., 2005; Houweling et al., 2014, 1999; Thompson et al., 2017). Although the
EDGAR inventory has the advantage of providing a continuously updated emission
distribution on a small scale (0.1◦ ×0.1◦ ), possible biases between the Northern and
Southern Hemispheres and between countries, have been discussed in previous studies
(Bergamaschi et al., 2015; Houweling et al., 2014).
In this study, we examine CH4 emission estimates in Finland for 2004–2014
using the CarbonTracker Europe-CH4 (CTE-CH4 ) data assimilation system (Tsuruta
et al., 2017), with an extended observation network in Finalnd and surrounding regions.
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Previously, observations from only one site in Finland (Pallas, Finland) have been used
for inversion studies (Bergamaschi et al., 2005, 2015; Bousquet et al., 2011; Bruhwiler
et al., 2014; Houweling et al., 2014; Monteil et al., 2013; Thompson et al., 2017), but we
imporve the methodology in this study to include seven sites. Sensitivity of inversion
estimates to the observations is examined by using two different sets of the newly
assimilated observations. In addition, we examine the seasonal cycles and the spatial
distributions of prior emissions by using three different biospheric and two different
anthropogenic prior emission estimates. The biospheric priors are from LPJ-GUESS
(Wetland Hydrology and Methane version) (henceforth LPJG-WHyMe) (McGuire et al.,
2012; Smith et al., 2001; Wania et al., 2009), LPX-Bern version 1.0 (v1.0) with
prescribed peat- and wetland extent (Spahni et al., 2013) and LPX-Bern (v1.0) including
the DYPTOP (Dynamical Peatland Model Based on TOPMODEL) module to simulate
peat- and wetland extent (Stocker et al., 2014). The two priors for anthropogenic
emissions are from EDGAR v4.2 FT2010 and a combination of EDGAR and the Finnish
national inventory.
2 Methods and Datasets
2.1 CTE-CH4
CTE-CH4 is a branch of the CarbonTracker Europe data assimilation system (Peters et
al., 2005; van der Laan-Luijkx et al., 2017) that optimizes global CH4 ﬂuxes (Tsuruta
et al., 2017). The system is based on an ensemble Kalman smoother with a ﬁxed lag
assimilation window (Ravela and McLaughlin, 2007), with 500 ensemble members and
an assimilation window of 5 weeks. We used the TM5 atmospheric chemistry transport
model (Krol et al., 2005) as an observation operator.
TM5 is driven by ECMWF ERA-Interm meteorological ﬁelds, and runs on a
1◦ ×1◦ zoom grid over Europe (up to 74◦ N), 6◦ ×4◦ globally with an intermediate 3◦ ×2◦
zoom region (Supplementary Material Fig. 3). Vertical mixing in TM5 was calculated
based on the Gregory et al. (2000) convection scheme as stored in the ERA-Interim
meteorological ﬁelds. The monthly atmospheric CH4 sink due to photochemical
reactions with OH, Cl and O(1 D) were taken into account, based on Houweling et al.
(2014) and Brühl and Crutzen (1993). Interannual variability of the atmospheric sink
was not taken into account, and the atmospheric sink was not adjusted in the
optimization scheme.
The ﬂuxes were optimized weekly for 2004–2014 on 1◦ ×1◦ resolution over
Europe and region-wise elsewhere globally, in order to take advantage of the high
observation density in Europe. Results on the 1◦ ×1◦ grid are brieﬂy compared to the
region-wise approach in Section 4.3. The deﬁnition of geographical regions is based on
modiﬁed TransCom (mTC) regions and a land ecosystem type (LET) map derived from
the Dynamical Peatland Model Based on TOPMODEL (DYPTOP; Stocker et al., 2014)
(see Supplementary Material for details). In this study, both anthropogenic and
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biospheric ﬂuxes were optimized simultaneously per grid cell over Europe, yielding
individual estimates for anthropogenic and biospheric emissions for each grid cell.
Globally, either anthropogenic or biospheric emissions were optimized, depending on
which emission type was dominant (see Tsuruta et al., 2017). This was done per region,
but not per grid cell. Although CTE-CH4 is a global model, this study focuses on the
estimates in Finland where most of the newly assimilated observations (see Section 2.3)
are located. The emission estimates for Finland were calculated from global estimates
using a country mask (Supplementary Material Fig. 4).
Uncertainty for prior ﬂux estimates are assumed to be 80% of the ﬂuxes over land
and 20% over ocean (see Tsuruta et al., 2017). The prior biospheric ﬂuxes over land were
assumed to be correlated between mTCs with the same LET, with a correlation length of
500 km, and the anthropogenic ﬂuxes over ocean (mainly consisting of coastal and ship
track emissions) were assumed to be correlated between mTCs with a correlation length
of 900 km. The anthropogenic ﬂuxes were assumed to be uncorrelated over land. For
Europe, we did not apply a LET-dependent covariance structure. In Europe, the prior
biospheric ﬂuxes were assumed to be correlated between grid cells within Europe with a
correlation length of 500 km. In this way, the inﬂuence of observations is less restricted
by the LET in Europe, which allows a higher degree of freedom in the optimization. To
better separate the sources, prior anthropogenic and biospheric emissions (see Section
2.2) were assumed to be uncorrelated both in Europe and globally.
2.2

Prior ﬂux estimates

Prior ﬂux estimates have ﬁve source categories: anthropogenic, biospheric, ﬁre, termites
and ocean. Among those, anthropogenic and biospheric emissions are dominant sources
for Finland, contributing to more than 95% of total emissions. Although ﬂuxes from ﬁre,
termites and ocean are minor sources of CH4 for Finland, they were included in the
model as their contributions to the global budget and regional budgets elsewhere are
signiﬁcant and needed to close the global budget.
For annual prior anthropogenic emissions, estimates from the EDGAR v4.2
FT2010 inventory were used. The inventory covers data up to 2010, and we assumed
2011–2014 emissions to be same as 2010. Globally, anthropogenic emissions are likely
to have increased continuously during 2011–2014 (Schaefer et al., 2016; Schwietzke
et al., 2016), but possibly not for Finland. We assumed that the inversion would be able
to capture the global increase, as previously shown in Tsuruta et al. (2017). Other
gridded global anthropogenic estimates are available from e.g. the EU 7th Framework
Programme project ECLIPSE, which provides gridded emission patterns based on the
Global Energy Assessment (GEA, 2012). The distribution of ECLIPSE emissions over
Finland was similar to EDGAR, so we only used the EDGAR inventory in this study.
However, we acknowledge that the changes in global distribution would likely affect the
emission estimates over Finland. In addition to the EDGAR inventory, we used a
6
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modiﬁed EDGAR inventory (FIN-EDGAR), where the anthropogenic emission
distribution over Finland was taken from a national inventory (Statistics Finland, 2015.;
Statistics Finland PX-Web regional database). The spatial distribution of the EDGAR
inventory for Finland is mainly based on population distribution (e.g. for waste
management; EDGAR (2010)), and non-dairy cattle distribution (e.g. for agricultural
emissions) by Lerner et al. (1988) (IEA report part III, Olivier and Janssens-Maenhout,
2012). This distribution differs considerably from the national inventory which uses
more up-to-date information, and municipality statistics, collected every year from each
municipality. Based on the agricultural animal distribution from the national inventory,
the sum of emissions from enteric fermentation and manure management in the EDGAR
inventory was redistributed. Similarly, based on the landﬁll distribution, the sum of
emissions from solid waste disposal and waste water was redistributed. In FIN-EDGAR,
emissions from Finland were scaled to preserve the total emissions from the EDGAR
inventory, making the estimates consistent with nearby regions. Anthropogenic emission
estimates over the ocean (mainly from coastal and ship track emissions) are taken from
the EDGAR inventory, and optimized.
For monthly prior biospheric ﬂuxes, estimates from the LPX-Bern-DYPTOP
ecosystem model with dynamically simulated peat- and wetland extent (Stocker et al.,
2014) were used. In addition, estimates from LPJ-GUESS (Wetland Hydrology and
Methane version) (LPJG-WHyMe) (McGuire et al., 2012; Smith et al., 2001; Wania
et al., 2009) and LPX-Bern v1.0 with prescribed peat- and wetland area (Spahni et al.,
2013) were used for sensitivity analysis. The biospheric ﬂux estimates for Fennoscandia
vary signiﬁcantly among the three ecosystem models, mainly due to peatland extent. The
peatland fractions in LPJG-WHyMe were determined mainly based on the hydrology
scheme in Wania et al. (2009) and Granberg et al. (1999), whereas in LPX-Bern v1.0, the
fraction is mainly based on the Northern Circumpolar Soil Carbon Database (NCSCD;
Tarnocai et al. (2007)). Due to a large peatland area, LPJG-WHyMe CH4 emission
estimates in Finland are about 10 times larger than the estimates from
LPX-Bern-DYPTOP. Furthermore, their seasonal cycles show an approximately 3 month
difference in the timing of their summer maximum, even though all models use similar
climate forcing data (CRU-TS datasets; 3.0 Mitchell and Jones (2005) for
LPJG-WHyMe, and 3.21 dataset Harris et al. (2014) for LPX-Bern v1.0 and
LPX-Bern-DYPTOP). A small sink of CH4 in dry soil is taken into account as negative
biospheric ﬂuxes. Emission estimates from rice were excluded from the biosphere
estimates because these were already included in the EDGAR inventory. Although
seasonality of the rice emissions could be signiﬁcant for global emissions, emissions
from rice ﬁelds are negligible in Finland, and the effect from e.g. Asia would be small.
Biospheric emissions from water bodies (ocean, lakes and rivers) were neither taken into
account in the prior nor optimized. With a relatively coarse model resolution and
observation network, we did not expect the inversion to be able to constrain those
7
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emissions well. However, inland water emissions could have a signiﬁcant contribution
globally and also in northern high latitudes (Holgerson and Raymond, 2016; Thonat
et al., 2017; Walter et al., 2006), since about 10%, 8% and 5% of the area of Finland,
Sweden and Norway consists of water bodies, respectively, with inland water as a major
contributor. Therefore, we must acknowledge the a possible underestimation in our prior
biospheric emission estimates from water bodies.
For monthly prior ﬂux estimates from ﬁre, the GFED v4.1 database was used,
and for monthly ocean emissions, the estimates by Tsuruta et al. (2017) were applied.
For termites, annual estimates from Ito and Inatomi (2012) were used as priors, and ﬁxed
year 2009 estimates for 2010–2014. The average 2004–2014 emissions of these sources
for Finland were 0.18, 5.41, 0.95 Gg CH4 yr−1 (i.e. 0.03%, 0.80%, 0.14% of total) for
ﬁre, termites and ocean, respectively. Note that these were not optimized because their
source signals would be too small to be well constrained by the inversion. Other sources,
such as natural geological emissions were not taken into account in this study. Although
natural geological emissions are estimated to contribute to about 10% of global total
emissions (Kirschke et al., 2013; Saunois et al., 2016), those emissions from Finland are
negligible (Etiope and Klusman, 2002).
2.3

Atmospheric CH4 observations

In previous studies, the observations from Finland were limited to only one station at
Pallas. Recently, an extension of the observation network, made by the Finnish
Meteorological Institute (FMI), the University of Eastern Finland (UEF), the University
of Helsinki (UHEL), the Max-Planck-Institute for Biogeochemistry (MPI) and the
University of Exeter (UE), was completed and the results became available for inversion
studies. For a list of sites in the study region, see Table 1.
The Pallas site is a node of the Pallas-Sodankylä GAW station of the
WMO/GAW monitoring network, located in Pallas-Yllästunturi National Park. It is a
remote background station located on the treeless top of Sammaltunturi subarctic fell,
measuring atmospheric carbon dioxide continuously since 1996 and CH4 since 2004 by
FMI. The site is surrounded by a mosaic of hills, coniferous forests and wetlands.
Currently the measurements at Pallas, as well as at the other stations, are based on cavity
ringdown spectroscopy (CRDS) instruments from Picarro Inc. (Santa Clara, CA), and
the measurement set-up follows WMO/GAW and/or Integrated Carbon Observation
System (ICOS) protocols. The calibrations of FMI and UHEL sites are traceable to the
WMO/GAW/CCL scale. A detailed description of the Pallas-Sammaltunturi site, CH4
observations and instrumentation is given in Aalto et al. (2007), Lohila et al. (2015) and
Kilkki et al. (2015).
The Sodankylä measurements are made at the FMI Arctic Research Center,
which is the other node of the Pallas–Sodankylä GAW station. The measurements are
made at a tower extending 48 m above ground, surrounded by sparse Scots pine forest.
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The station is surrounded by coniferous forests and wetlands, the closest large fen being
located 0.5 km away. Sodankylä town (8800 inhabitants, 2015) is 5 km from the
measurement tower.
At the Puijo site, CH4 is measured with a CRDS instrument (Picarro G2301) on
the top of a telecommunication tower (Leskinen et al., 2009), which is located 2–3 km
from the centre of Kuopio town (111,200 inhabitants, 2015). The tower (sampling point
84 m above ground) is built on a hill that is about 150 m above the surrounding lakes.
Possible anthropogenic CH4 sources include a waste landﬁll 10 km to the southwest, a
wastewater treatment plant 5 km south-southeast, a district heating plant using a
combination of peat, wood chips and heavy fuel oil as fuel 3 km south-southeast, and the
tower itself (sewage ventilation) when the wind speed is low (< 2 m/s). In the sector
from southwest to north, there are no signiﬁcant anthropogenic CH4 sources nearby.
Measurements at Kumpula are carried out in the roof of the FMI building at
Helsinki (635,600 inhabitants, 2016). The sampling point is 30 m above the ground, and
the building is located on a hill top about 24 m above sea level. The distance to the Baltic
Sea shore is about one kilometer and it is about 4 km to the city centre. The site is
located in a residential/commercial area, surrounded by parks, gardens and some major
roads by the hill side.
The Utö site is located on an island in the Baltic Sea, about 80 km southwest of
the Finnish mainland. It is a remote island about one square kilometer in size, mostly
rocky and treeless, with low grass and shrub vegetation and some tens of inhabitants
mostly in summer. Measurements are carried out from a cell phone mast at 57 m above
ground and 65 m above sea level. A detailed description of the above mentioned FMI
sites is given in Kilkki et al. (2015). Kilkki et al. (2015) focused on carbon dioxide, but
the descriptions of the measurement set-ups mostly apply for CH4 as well, since it is
measured with the same CRDS instrument.
The Hyytiälä site is located in central Finland, in a wetland, forest, lake and
agricultural landscape. There is an extensive wetland area 5 km from the site and a lake
less than 1 km from the site. The CH4 measurements are made from a mast 125 m above
ground, surrounded mainly by coniferous forest. The CH4 measurements, operated by
the University of Helsinki, are based on CRDS instrumentation and connected to the
same calibration scale as FMI measurements, and the set-up follows the ICOS protocols.
Similarly to Pallas, Hyytiälä is projected to be an ICOS class 1 atmospheric station.
Details of the site are given in Keronen et al. (2014).
Kjølnes is a remote site in northernmost Norway at the Barents Sea coast,
operated by the University of Exeter and the University of East Anglia. The
measurement air intake is 30 m above ground. The landscape is treeless with bare rock
and low grasses and sedges, and the closest village of Berlevåg is about 5 km away. CH4
is measured with Off-Axis Integrated-Cavity Output Spectroscopy (Los Gatos Inc.).
All observations were ﬁltered before inversion to ensure a good spatial
9
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representativity of the measurements and to exclude instrumental errors. For FMI and
UHEL observations, those with wind speed larger than 3 m/s and hourly standard
deviation smaller than 4 ppb were chosen. For Kjølnes observations (MPI&UE), data
were not selected by wind speed, but only by hourly standard deviation (< 4 ppb). For
Pallas weekly sampled observations by National Oceanic and Atmospheric
Administration (NOAA), those representing a large volume of air, i.e. spatially
representative measurements were selected (ﬂag starting with ’..’). From hourly
observations, day time (12–16:00 local time) mean values were assimilated. Note that
most of the observations presented here are not published, but available on request.
For each site, observational uncertainty is deﬁned based on site location and
representativity of the transport model at each site, and used in an observation error
covariance matrix. The choice of observation uncertainty is somewhat arbitrary because
there is no method to construct the observation error covariance matrix properly.
However, our choice mostly lies within expected distributions (Michalak et al., 2005;
Tsuruta et al., 2017). In this study, the observations were assumed uncorrelated over
space and time; i.e. the observation error covariance matrix was diagonal. Observation
uncertainties were also used as a rejection threshold. The observations were rejected in
the assimilation if differences between observations and estimated mole fractions were
three times the uncertainty.
As CTE-CH4 is a global model, we also used observations globally, mainly
collected from the World Data Centre for Greenhouse Gas (WDCGG). Among those,
observations from other northern high latitudes, especially from the Eurasian boreal
region, are important to constrain regional total emissions (Thompson et al., 2017).
Since estimates for Finland are likely to be affected by surrounding regions, observations
in Eurasian boreal regions have been also used in this study, similarly to Thompson et al.
(2017). For global observations, uncertainties and rejection thresholds were assigned to
each site in a similar way to those used in Finland, except for sites at high latitudes in the
Southern Hemisphere (e.g. on Antarctica), where all observations were assimilated
regardless of the estimated mole fractions, as in Tsuruta et al. (2017). For a list of global
sites, see Supplementary Material Table 1.
2.4

CH4 surface ﬂux measurements for evaluation

The seasonal cycle of the ﬂux estimates was evaluated against eddy covariance
(EC) measurements from two wetland sites in Finland: Lompolojänkkä and Siikaneva.
Note that the EC observations were not assimilated in the inversions.
Lompolojänkkä is an open mesotrophic sedge fen in northern Finland (67.60◦ N,
◦
24.13 E, 269 m a.s.l., 5 km from Pallas-Sammaltunturi). The peat depth at
Lompolojänkkä is about 2.5 m and almost the whole peat proﬁle is water saturated
throughout the year. The relatively dense vegetation layer is dominated by different
sedges on the wet areas and different shrubs on relatively dry places. The moss cover is
10

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65

patchy with 57% coverage. The mean vegetation height on the fen is 40 cm with a
maximum one-sided leaf area index (LAI) of 1.3.
Siikaneva is an open oligotrophic sedge fen, in southern Finland (61.50◦ N,
◦
24.12 E, 162 m a.s.l., 5 km from Hyytiälä). The microtopography of the fen is relatively
ﬂat and the peat depth ranges from 2 m near the upland forest edge to almost 4 m at the
centre of the site. The vegetation of the site is dominated by different sedges and a
continuous Sphagnum carpet. A maximum one-sided LAI of 0.4 was observed for
vascular plants in late July.
At both sites, the ﬂux measurements were performed at a height of 3 m with
similar instrumentation (3-d anemometer (METEK) and different laser absorption
spectrometry-based CH4 analysers). The ﬂuxes were processed to half-hourly values
using block averaging and further calculated to monthly averages to enable comparison
with model data. A detailed description of the measurement sites and systems are given
in Aurela et al. (2009) and Aurela et al. (2015) for Lompolojänkkä and in Rinne et al.
(2007) and Riutta et al. (2007) for Siikaneva.
2.5

Inversion setups

In a reference inversion (J1), the prior ﬂux estimates from EDGAR v4.2 FT2010 for
anthropogenic and LPX-Bern-DYPTOP for biospheric sources were optimized, using all
available observations from Finland and surrounding regions. In inversion J2, we
examined the effect of urban observations by removing the Kumpula and Puijo
observations. In inversions J3 and J4, we examine the effect of prior biospheric ﬂux
estimates by replacing LPX-Bern-DYPTOP estimates with those from LPJG-WHyMe
and LPX-Bern v1.0 globally. In inversion J5, we examine the spatial distribution of
anthropogenic emission estimates by replacing EDGAR v4.2 FT2010 with FIN-EDGAR
estimates over Finland. When the observational constraints are large, we expect the
inversion results to be close to each other regardless of the prior estimates.
3 Results
3.1 Atmospheric CH4 at assimilated sites
Simulated posterior atmospheric CH4 values at Finnish and surrounding sites generally
correlate well with the observations (r > 0.75), but tend to have a negative bias (up to -7
ppb) (Fig. 1). The negative bias was especially prominent at Sodankylä when
LPX-Bern-DYPTOP estimates were used (J1, J2 and J5), although the correlation was
high. The negative biases were improved at all sites in the inversion J3 where
LPJG-WHyMe estimates were used. Similar improvement was also found for J4, where
estimates from LPX-Bern v1.0 were used. This indicates that the inversion can match
observations better when high prior emissions are used rather than low prior emissions
(see Section 2.2). It can also be a sign of local wetland sources, because the bias is most
pronounced in summer (Fig. 2). In addition, those results might indicate that the
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correlation length of 500 km is too long for this region, and a shorter length could be
more appropriate. The distance between the Finnish and surrounding stations was about
150–300 km, i.e. biases could not be removed correctly with long correlation lengths.
Most of the observations were assimilated in all inversions, and differences in the
number of assimilated observations were insigniﬁcant between inversions.
The smallest bias was found at Utö and Kjølnes (max. 1 ppb), which are
considered background sites. Despite discontinuity in the observation time series at
Kjølnes, simulated CH4 follows the observations well. This conﬁrms that those sites
could be considered good reference sites for this region. Agreement with observations at
Hyytiälä was also good; the bias being small (< ±2 ppb) and the correlation high
(>0.85). In addition, one-to-one agreement (i.e. slope of a regression line) was closest to
one among the new sites, after Pallas (Suppelmentary Fig. 9). This indicates the
advantage of the measurement design (e.g. air intake on a tall mast) and high quality of
the data, which are possible reasons for the model to be able to resolve atmospheric CH4
well. Therefore, Hyytiälä could also be a good reference site for future studies.
The weakest correlation was found at Kumpula, as expected, highlighting the
difﬁculty of estimating atmospheric CH4 at sites near local anthropogenic sources. Many
of the summer peaks were not captured well in the model (Fig. 2). Similar features were
present at Puijo, another urban site. Even after data ﬁltering, some observations
inﬂuenced by local sources remained, and the model has difﬁculty inreproducing such
high concentrations. With the FIN-EDGAR prior distribution (J5), the positive bias in
the posterior CH4 at Kumpula is reduced from about 2 ppb (J1, J3, J4) to 0.3 ppb (J5)
(Fig. 1). Similar improvement was found at Puijo, where bias improved from -6 ppb (J1)
to -4 ppb (J5) (Fig. 1). These support our hypothesis that use of the FIN-EDGAR
distribution is more favourable than the EDGAR distribution in a study with this focus.
3.2

Emission estimates

Average posterior total emissions for Finland for 2004–2014 are estimated to be
0.59±0.51 Tg CH4 yr−1 , with similar contributions from anthropogenic (0.31±0.34 Tg
CH4 yr−1 ) and biospheric (0.28±0.22 Tg CH4 yr−1 ) sources (J1, mean weighted by
number of observations from the sites in Finland and surrounding regions). The most
signiﬁcant transition from the prior to the posterior estimates is seen in summer and in
2010 (Fig. 3, Fig. 4). The posterior biospheric emission over summer is higher than the
LPX-Bern-DYPTOP estimate throughout the study period (Fig. 3). Increases in the
emission estimates are somewhat expected, as peatland and wetland areas in this region
are likely to be underestimated in LPX-Bern-DYPTOP, which could lead to smaller
emission estimates (Stocker et al., 2014). In addition, this is consistent with a recent
study by Thompson et al. (2017), which showed higher summer emissions over the
Arctic and northern boreal regions than prior emissions mainly based on
LPX-Bern-DYPTOP and EDGAR v4.2 FT2010 estimates.
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The posterior total emission is higher than the prior before 2010, and lower after
2010, when signiﬁcant changes occurred in anthropogenic emissions (Fig. 3). In 2010,
assimilation of observations at Kumpula started. Since Kumpula is located near
anthropogenic sources, such as the city of Helsinki, it is likely that the decrease in
optimized anthropogenic emissions in 2010 was caused by assimilation of Kumpula
observations. The hot-spot in the EDGAR inventory north of Helsinki is reduced to about
half of the prior after 2010. Furthermore, the seasonal cycle of anthropogenic emissions
after 2010 is more pronounced than before 2010, showing high emissions during winter,
and low during spring and autumn (Fig. 3). The anthropogenic cycle is opposite to that
of biospheric emissions, which are greater during summer and lower during winter.
Although such a sudden change is unlikely to be realistic, signiﬁcant changes
have indeed taken place in land-ﬁll management over the recent years, and the Finnish
national inventory shows a decrease in CH4 emission estimates from 2004 to 2014
(Monni and Benviroc Ltd, 2013; Statistics Finland, 2015.), indicating that the level of
posterior emissions after 2010 is more reasonable than the level of the EDGAR inventory
for the most recent years. Because the distribution in the EDGAR inventory is not
consistent with the national inventory, the reported emission estimates could also be
incorrectly distributed. In addition, we used the same prior for 2010–2014; i.e.
interannual variation in the prior is not well represented.
2
2 ) is about 10 times higher in the
/σprior
The uncertainty reduction (1 − σposterior
biospheric emission estimates than in the anthropogenic emissions in Finland (Fig. 5,
Supplementary Material Fig.11, Fig.12). In addition, the high uncertainty reduction
around northern Finnish sites (Pallas and Sodankylä) is clear in biospheric emissions
whereas no clear pattern is seen in that of anthropogenic emissions (Fig. 5). This is
mainly due to prior state covariance structure (see Section 2.1), where biospheric
emissions are assumed correlated between grid cells and anthropogenic emissions are
assumed uncorrelated.
3.3 Sensitivity to observations
The anthropogenic emission estimates for Finland are very sensitive to observations
from the urban measurement sites at Kumpula and Puijo. Inversion J2, without those
sites, shows less signiﬁcant decrease in the anthropogenic emission estimates after 2010
(Fig. 3), but large variations can be detected in emissions from late 2011 onward.
Annual anthropogenic emissions are about 80% larger than in J1 (Table 3). The average
annual emissions in J2 are even larger than the EDGAR inventory, although within the
uncertainty that did not differ much between J1 and J5. Little inﬂuence of those sites was
found for biospheric emissions, as expected (Fig. 3, Table 3).
The seasonal cycles of both anthropogenic and biospheric emission estimates
were sensitive to observations from Kumpula and Puijo to some extent. High
anthropogenic summer emissions were not seen in J1 in 2011, 2013, and 2014, whereas
13

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65

clear summer peaks were seen in J2 in all years (Fig. 3); i.e. those urban observations
removed the summer peaks. This suggests that the summer peaks in posterior
anthropogenic emissions could have been driven by other observations such as Hyytiälä,
Utö and Sodankylä, where measurements started in 2011–2012. Besides biospheric
emissions, anthropogenic emissions of mainly agricultural origin occur near Hyytiälä.
Utö and Sodankylä are far from signiﬁcant anthropogenic sources, but they could capture
some long range transported signals depending on air mass origins and trajectories.
However, Hyytiälä observations have a gap in summer 2012 (from the end of June until
the beginning of September), and in 2013 (from the beginning of May until the
beginning of October), and Utö observations similarly have a gap between the end of
February 2013 and mid March 2014. Therefore, only Pallas and Sodankylä observations
were assimilated in J2 during the summers of 2012 and 2013, when summer peaks were
prominent. Sodankylä observations could be the main cause of the summer peaks,
related to the high CH4 values the model was not fully able to reproduce, but it cannot be
conﬁrmed based on the current results. Nevertheless, we suspect the summer peaks,
caused by these observations, are probably more due to the biosphere than anthropogenic
in origin. Since posterior anthropogenic emissions are partly correlated with biospheric
emissions, changes in biospheric emissions can also drive changes in anthropogenic
emissions.
3.4

Robustness with respect to prior

Previous studies showed that biospheric emissions estimated by process models are
sensitive to model setup and input (Wania et al., 2013), and inversion estimates depend
on the prior estimates mostly in regions where limited observations are available
(Bergamaschi et al., 2015; Thompson et al., 2017). Fennoscandia is one such region,
where the uncertainty of the ﬂux estimates is high in process-based ecosystem models.
In this study, the average annual biospheric emission estimates for Finland for
2010–2014 from the three ecosystem models varied from 0.19 to 2.15 Tg CH4 yr−1 in
the prior, but the posterior estimates were more robust, ranging from 0.27 to 0.87 Tg
CH4 yr−1 (Table 3). The seasonal cycle is also more robust in the posterior than in the
prior, especially for northern Finland around Lompolojänkkä (Fig. 4). However, the
effect of the prior still remains for southern Finland around Siikaneva, possibly due to
low prior uncertainty during summer in J1 (Fig. 4). The seasonal cycle of priors differs
signiﬁcantly around Siikaneva, mainly due to differences in the extent of peatlands. The
average area fraction of peatland around Siikaneva is about 0.5% in
LPX-Bern-DYPTOP, and about 9% in LPX-Bern v1.0. The seasonal cycle of CH4 ﬂuxes
in LPX-Bern-DYPTOP is therefore strongly affected by ﬂuxes from another soil type
(wetsoil). Although Siikaneva is a relatively large peatland, there are also agricultural
and anthropogenic ﬁelds in its surroundings, and anthropogenic emissions in the prior
are larger than the biospheric emissions. Therefore, the inversion is likely to increase
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summer emissions from anthropogenic sources rather than the biospheric sources (see
Section 4.2). In addition, winter estimates (November–February) follow the prior
closely. Winter biospheric emission is assumed to be small, as most of Finland is
covered by snow and soil temperature drops to below freezing (0◦ C). Observations near
biospheric sources therefore capture little of the biospheric signals during winter, which
makes it difﬁcult for the inversion to constrain winter biospheric emissions.
The spatial distribution also depends on the prior despite the grid-based
inversion. Average annual emission of LPX-Bern v1.0 (J4) in Finland is smaller than that
of LPJG-WHyMe (J3), but the posterior estimates in J3 are smaller than in J4 (Table 3).
Both inversions showed signiﬁcant decrease in emission estimates in southern Finland,
the estimates in J3 decreased more than in J4 in northern Finland, which remained high
around Pallas (Supplementary Material). This might be because of differences in the
prior distribution north of Pallas, where LPJG-WHyMe has high emissions up to Kjølnes
(nearly 71◦ N) and LPX-Bern v1.0 has high emissions only up to about 68◦ N. This
suggests that the inversions were trying to conserve the budget in this region, but did not
know exactly where to place the emissions, and thus followed the prior distribution. This
also indicates the large inﬂuence of the Pallas observations on emissions far to the north.
To make the estimates more robust, a higher prior uncertainty (especially when
emission estimates are low) and higher weights on observations (i.e. smaller observation
uncertainty) could be assigned. Indeed, the J1 posterior uncertainty is much smaller than
that of J3 and J4, and the low uncertainty of J1 might be an underestimation. For
observations such as from Hyytiälä and Utö, posterior RMSE (< 18 ppb) is smaller than
observation uncertainty (25 ppb), indicating that the model was able to produce
atmospheric CH4 better than our prior expectation, and therefore we could assume a
smaller observational uncertainty for those sites.
Compared to J1 using the EDGAR v4.2 FT2010 inventory, J5 estimates using the
FIN-EDGAR inventory have higher anthropogenic emissions in central Finland and
lower in southern Finland, which is strongly inherited from prior emissions (Fig. 5). In
J5, regional total posterior anthropogenic emissions are slightly higher than the prior,
again showing an increase in central Finland, where possibly signiﬁcant agricultural
emissions contribute. Little difference between prior and posterior emissions was found
for southern Finland, supporting the FIN-EDGAR distribution rather than the EDGAR
distribution. However, the J5 posterior annual anthropogenic emissions are much greater
than estimated by the national inventory, indicating a possible problem in the inversion.
We must acknowledge that the separation of biospheric and anthropogenic emissions is
still very uncertain, and the high anthropogenic estimates may not actually be
anthropogenic sources. The posterior uncertainties for total emissions are similar in J1
and J5 (Table 3); i.e. it is not clear from the uncertainty estimates whether the
FIN-EDGAR distribution is better than EDGAR.
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3.5

Evaluation of emission estimates

Biospheric emission estimates were compared to the EC observations from
Lompolojänkkä and Siikaneva. For the comparison, regional mean estimates were
calculated from model grids around the sites, ±1◦ latitudinal bands inside the Finnish
border.
Compared to the EC observations, the posterior matches the ﬂux observations
better than the prior, and the posterior estimates are more robust than the prior (Fig. 4).
In terms of magnitude, reductions from LPJG-WHyMe and LPX-Bern v1.0 and increases
from LPX-Bern-DYPTOP led to a better agreement with the observed ﬂuxes, although
the posterior emissions are still slightly higher than observed ﬂuxes at Lompolojänkkä
(Fig. 4). Interannual variability is especially strong in LPX-Bern v1.0, with
exceptionally high CH4 emissions in 2004, 2006 and 2011. There are several possible
explanations for those high emission estimates. In 2004, the wet soil emission estimate
was high, and in 2006, the peatland emission estimate was high. In 2011, all (inundated,
wet soil and peatland) emissions were relatively high compared to other years, which led
to high estimates overall. However, since we did not ﬁnd signiﬁcant interannual
variability in the source area extent of inundated and wet soil areas, this is more due to
climate drivers, such as temperature and precipitation. Such strong interannual
variability was not seen in the EC observations, and the interannual variability does not
always agree with EC measurements. For example, the measurements do not show high
peatland emission in 2006. Rather, it was low, as 2006 was an exceptionally dry year.
Some years, such as 2007 show high emission from Lompolojänkkä during
spring, and the posterior successfully increased the estimates from the prior. This
suggests that the high emission signal was possibly captured by the atmospheric CH4
observations at Pallas, indicating that the high CH4 originated from large emission areas.
Long-lasting precipitation periods, like in summer-autumn 2011, may also indicate a
CH4 source in forested upland soils (Lohila et al., 2016), where the emitting area is very
large, and thus the atmospheric observations see elevated CH4 , further increasing
emission estimates.
The seasonal cycle shows that the summer maximum in LPX-Bern-DYPTOP is
well captured around Lompolojänkkä, but generally a month later than in the EC
observations around Siikaneva (Fig. 4). The inversion also fails to capture the seasonal
cycle around Siikaneva well when using LPX-Bern-DYPTOP as a prior. For Siikaneva,
the posterior estimates from J4 matched the EC observations best, where the seasonal
cycle of the prior (LPX-Bern v1.0) also matched the observations best among the
priors(Fig. 4). The seasonal cycle in J3 is also better captured than in J1, but the
magnitude of the seasonal maximum is much smaller than in J4, which is again inherited
from the prior (LPJG-WHyMe).
However, although the Pallas-Sammaltunturi is close to Lompolojänkkä, the
Pallas atmospheric observations do not adequately capture local signals from
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Lompolojänkkä, which is a relatively small wetland, but rather capture signals from a
larger area (Aalto et al., 2007). This is probably one of the reasons why some
exceptional seasonal cycles were not well captured in the posterior. For example, a
spring boost of CH4 emission in 2009 is seen in Lompolojänkkä observations, which is
possibly because a large amount of CH4 was stored in snow and ice in winter and
released during the snow melt. Both prior and posterior ﬂuxes fail to see this feature,
although posterior estimates are slightly higher than the prior. This could possibly be
improved by increasing prior uncertainty during spring to allow more freedom in the
optimization. Furthermore, storage of CH4 in frozen soils and snow could be added to
future versions of ecosystem models used for prior estimates.
Although the average ﬂuxes of larger areas are not directly comparable with
site-level observations such that emission magnitudes from the site observations may not
be representative of large area averages, we assume that Lompolojänkkä and Siikaneva
represent general characteristics of wetlands in northern and southern Finland,
respectively. In addition, with current CTE-CH4 , a regional average would be more
appropriate for the comparison than the estimates from a single grid point because the
observation network and the optimization resolution are not dense enough for a site-level
comparison. Nevertheless, the comparison can provide useful information for further
development.
4 Discussion
4.1 Spatial representativity of observations
Most of the observations in Finland capture not only local signals, but also that come
from e.g. the Atlantic Ocean, western Russia or even from central Europe (Aalto et al.,
2007; Kilkki et al., 2015). A good spatial representativity of the observations is shown
especially from the Pallas site. This is an advantage of the site location, which is on top
of the Sammaltunturi subarctic fell with small local CH4 sources, and far from
anthropogenic sources. On the other hand, other observations, especially from urban
sites, might be difﬁcult to use in large scale regional inversion studies. In this study, we
used two urban sites: Kumpula and Puijo, where Kumpula is located near the centre of
Helsinki city, and Puijo is located near Kuopio city. Some of these urban observations
capture strong local signals, mainly from anthropogenic sources (Kilkki et al., 2015).
Such observations could affect regional inversion estimates, resulting in a possible
overestimation of emission estimates due to low spatial representativity of these
observations in comparison to the model grid size. In this study, the hourly observations
were ﬁltered based on wind speed and measurement standard deviation within each hour
to eliminate observations with strong local inﬂuence. In addition, the observations that
differ signiﬁcantly from model estimates were rejected (three times observation
uncertainty) in CTDAS. However, we acknowledge that some observations
unrepresentative of large scale conditions could still have been assimilated in the
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inversions.
Nevertheless, the analysis of posterior atmospheric CH4 and the spatial
correlations of posterior emissions suggest that the assimilated urban observations are
acceptable for use in inversion studies. Observations from Kumpula seem to inﬂuence
the emission estimates of near-by model grid cells. This is partly due to the applied
covariance structure (prior emissions on near-by grid cells are assumed correlated in
space), but also due to inﬂuence by the observations. For Puijo, the observations seem to
be less representative for large areas, but due to relatively small emissions around the
site, the inﬂuence on estimated emissions was small.
Although the observation network used in the inversions is substantially
extended, we found that the network needs to be extended further. Speciﬁcally, the
observations used in this study were not representative enough to constrain emissions in
central Finland and in neighbouring countries.
4.2 Seasonal cycle of anthropogenic and biospheric emissions in Finland
The seasonal cycle of anthropogenic emissions is more pronounced after 2010 than
before 2010. The inversion estimates before 2010 are likely affected by surrounding
regions, such as western Russia and central Europe. Since Pallas is far from
anthropogenic sources, inversions cannot optimize anthropogenic emissions based on
local observations before 2010. The emission estimates after 2010 show two peaks, one
during winter (Dec.–Feb.) and one during summer (May–Jul.). Although anthropogenic
emissions are argued to have little seasonal variability, summer peaks may indicate high
anthropogenic emission sources in Finland that are mainly from agriculture and landﬁlls.
Winter peaks may reﬂect emissions from, e.g. heating by burning biomass fuels, which
is expected to be higher during winter.
However, we did not ﬁnd independent evidence to support such seasonal
variability in anthropogenic emissions. The winter emission peaks did not correlate well
with winter temperature for example, which could be explained by heating emissions. In
addition, the two peaks are also found in inversion J2, where observations from city sites
were excluded. Therefore, the seasonal cycle in the anthropogenic emission estimates
was not reﬂected from observations from urban sites, such as those from Kumpula and
Puijo, although one would expect that urban observations are most strongly inﬂuenced
by a potential seasonal signal of anthropogenic emissions. This suggests that the
seasonal cycle in anthropogenic emissions inferred by the inversion does not reﬂect
reality, but resulted from correlation with biospheric emission estimates.
4.3 Contribution of emissions from Finland and Fennoscandia to other high northern
latitude and global estimates
Total posterior CH4 emissions from Finland are about 26 to 28% of Fennoscandian
emissions, except for J4 (LPX-Bern v1.0 as prior), in which Finland contributed to about
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42% of Fennoscandian emissions (Supplementary Material). This high share results
from the highest posterior biospheric emissions in Finland among the inversions (see
Section 3.4). The emission shares of Finland found in the inversions are mainly inherited
from the prior biospheric emissions. The contribution of biospheric emission in Finland
to Fennoscandia is lower in LPX-Bern-DYPTOP (32%) and LPJG-WHyMe (37%)
compared to LPX-Bern v1.0 (54%). This again shows that the inversion is not able to
completely resolve inconsistencies in the prior spatial distributions.
The contribution of estimated total Fennoscandian emissions is only about 0.4%
of the global total emission estimate of 534 ± 84 Tg CH4 yr−1 in J1 for 2010-2014. Flux
estimates, including their interannual variability, seasonal cycle, and spatial distribution
outside Fennoscandia are hardly affected by the different priors and observations used in
the different inversion setups in this study. Although global total emissions increased
during 2004–2014 from 510 ± 73 to 540 ± 84 Tg CH4 yr−1 , neither prior nor posterior
emissions suggest a contribution to global increase from Fennoscandia. Globally, the
increasing trend may be overestimated as we did not consider interannual variability and
potential trends in photochemical reaction rates with OH (McNorton et al., 2016;
Montzka et al., 2011; Rigby et al., 2008, 2017; Turner et al., 2017). As our inversion
results depend on atmospheric CH4 observations, it is important to account correctly for
the atmospheric CH4 sinks. However, we assume that uncertainty in emission estimates
are larger than in sinks, and we cannot separately estimate the emissions and the local
atmospheric CH4 sink in Fennoscandia.
CH4 emissions over Finland and Fennoscandia estimated by our grid-based
inversions are comparable to those found in regional-based optimizations where either
biospheric or anthropogenic ﬂuxes per region are optimized (Tsuruta et al., 2017). The
grid-based inversions yield only about 4% lower biospheric emissions than the
region-based inversion and both show an increase in biospheric emissions from the prior
(LPX-Bern-DYPTOP). For anthropogenic emissions, the estimates for Finland in both
cases show a decrease from the prior. Both cases also show a decrease from the prior for
the anthropogenic emissions in Fennoscandia, but the decrease is much stronger in the
grid-based inversion than in the regional-based inversion (about 36% and 12%
reductions from the priors, respectively). This suggests that the effect of observations
from the urban sites on emission estimates is stronger in the grid-based inversion. In
addition, the regional inversions could be affected more strongly by observations outside
Fennoscandia, and correlation with nearby regions could be higher. An increase in
western Russian anthropogenic emissions therefore, could compensate for the decrease
of the Fennoscandian emissions in a regional inversion. Although it was not possible to
perform a global grid-based inversion due to computational limitations, the comparison
shows the advantage of grid-based inversions in regions with sufﬁciently dense
observations.
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5

Summary

We estimated the methane budget in Finland for 2004–2014 using the CTE-CH4 data
assimilation system. In this study, the atmospheric CH4 observations from seven sites in
Finland and surrounding regions were assimilated: Hyytiälä, Kjølnes, Kumpula, Pallas,
Puijo, Sodankylä and Utö. Comparison with posterior atmospheric CH4 showed good
agreement with the observations from those sites, indicating that the model is able to
resolve atmospheric CH4 at those sites well, and that the observations can be used in
future atmospheric inversion studies. The posterior biospheric emissions were more
robust than the priors, especially for Northern Finland, and captured independent CH4
ﬂux measurements from Lompolojänkkä reasonably well. Although the grid size of the
model is still much larger than the footprint of ﬂux measurements, this indicated the
advantages of small scale (1◦ ×1◦ in this case) optimization. Our results call the spatial
distribution of the EDGAR inventory into question, and our inversion results showed that
use of emissions from a national inventory can be justiﬁable. The spatial distribution of
the anthropogenic emissions is difﬁcult to constrain well with the current observation
network, so a reliable prior distribution should be used in inversion studies where
available. The estimated contribution of emissions from Finland to global emissions was
only about 0.13%, and our results suggest that they have not contributed to an increase in
global emissions.
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Table 1: List of observations over Finland and surrounding regions. Observation Uncertainty (Obs. Unc.) is used to deﬁne diagonal values in the observation covariance matrix.
This contains both measurement and model representativity error.
Sitecode

Site Name

Country

SMR
KJN
KMP
PAL†
PAL†
PUI
SOD
UTO

Hyytiälä
Kjølnes
Kumpula
Pallas
Pallas
Puijo
Sodankylä
Utö

Finland
Norway
Finland
Finland
Finland
Finland
Finland
Finland

Contributor Latitude Longitude Height∗ Obs. Unc.
Date range∗∗
[◦ N]
[◦ E] [m a.s.l.]
[ppb]
[mm/yyyy]
UHEL
61.85
24.28
306
25 11/2011–12/2014
MPI&UE
70.85
29.24
30
15 10/2013–12/2014
FMI
60.20
24.96
53
30 5/2010–12/2014
FMI
67.97
24.12
572
15 2/2004–12/2014
NOAA
67.97
24.12
570
15 1/2004–12/2014
FMI&UEF
62.91
27.66
316
30 6/2011–12/2014
FMI
67.36
26.64
227
25 6/2012–12/2014
FMI
59.78
21.37
65
25 3/2012–12/2014

*Sampling heights from which atmospheric CH4 is sampled in TM5. **Date range for this
study period, 2004–2014. Note that most of the observations are continuously updated, and
measurements at Pallas (NOAA) started as early as in 2001. †Observations from Pallas are
coordinated by FMI and NOAA, of which NOAA observations are from discrete, and FMI
observations are from continuous air samples.

Table 2: List of inversion setups.
Inversion
J1
J2
J3
J4
J5

Prior [anthropogenic] Prior [biospheric]
Observations
EDGAR v4.2 FT2010 LPX-Bern-DYPTOP all available
EDGAR v4.2 FT2010 LPX-Bern-DYPTOP all but KMP and PUI
EDGAR v4.2 FT2010 LPJG-WHyMe
all available
EDGAR v4.2 FT2010 LPX-Bern v1.0
all available
FIN-EDGAR
LPX-Bern-DYPTOP all available

Period
2004–2014
2010–2014
2010–2014
2010–2014
2010–2014

Table 3: Averange annual CH4 emission estimates between 2010–2014 in Finland [Tg
CH4 yr−1 ].
Anthropogenic
(Prior)
EDGAR v4.2 FT2010
FIN-EDGAR
LPX-Bern-DYPTOP
LPJG-WHyMe
LPX-Bern v1.0
(Posterior)
J1
J2
J3
J4
J5

Biosphere

0.39
0.38
0.19
2.15
1.29
0.27 ± 0.34
0.41 ± 0.34
0.19 ± 0.34
0.20 ± 0.34
0.44 ± 0.33
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Figure 1: Statistics (bias and correlation) of posterior atmospheric CH4 compared with
assimilated observations from sites in Finland and surrounding regions. Negative bias
shows model underestimation. The statistics were calculated from 2010–2012 observations, except for KJN, where 2013–2014 data were used.
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Figure 2: Observed and simulated atmospheric CH4 at sites in Finland and surrounding
regions for 2012, except for Kjølnes which shows data from 2014. For continuous observations, the daily averaged values are shown. For complete time series for all inversions,
see Supplementary Material.
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Figure 3: Monthly prior and posterior anthropogenic and biospheric emission estimates
for Finland. The shaded areas show uncertainty ranges of the prior (grey) and the J1
posterior (blue).
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Figure 4: Measured CH4 ﬂuxes at Lompolojänkkä and Siikaneva, and estimated regional
monthly mean biospheric CH4 ﬂuxes around the sites.
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Figure 5: Mean annual emission estimates for 2010–2014 [10−8 mol m−2 s−1 ], their
2
2 ), and locations of observations in Fennoscandia.
/σprior
uncertainty reduction (1−σposterior

The triangles show sites with continuous observations and the star shows the site with both
continuous and discrete observations. For other inversions, see Supplementary Material.
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