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We thank the reviewer for taking the time to carefully read through the manuscript and
appreciate the suggestions for improvement. Please find below the reviewer’s comments
italicized, with our responses in normal font. 

As explained in the introduction section, this study is motivated by the large uncertainties
in the global methane budget. More specifically, a mismatch of 160 Tg/yr between top
down and bottom up in the GCP budgets is mentioned. The procedure for specifying prior
uncertainties, however, adds up globally to 7% (40 Tg/yr) which doesn’t quite reflect this
uncertainty. The difference may be more than a factor 4, as the prior budget uncertainty
probably reflects only a single year. The setup of prior fluxes mentions a rescaling to make
sure that the prior budget is consistent with the observed trend. In sensitivity tests also
alternative rescaling is applied to restore the source-sink balance in the a priori budget. It
is unclear why this is needed, given that the measurements used in the inversion contain
this information (strictly speaking measurement information is double counted in the
setup that is used). My guess is that the division of the full time series into blocks and the
initialization of these blocks requires the rescaling. If the prior is over constrained for
methodological reasons this raises the question how the choice of rescaling might have
steered the solution in the direction of the main outcomes and how suitable the proposed
time splitting methodology is.

The first step in performing any inversion is a good forward model, which includes a
realistic prior flux. Since most bottom-up estimates for long-lived greenhouse gas fluxes
do not reflect the atmospheric growth rate, it is standard practice, especially for long
model runs, to adjust these fluxes to get the correct decadal atmospheric growth for CO₂,
CH₄ or SF₆. See, e.g., Houweling et al (2017) for an overview for CH₄, Chevallier et al
(2010) and Weir et al (2021) for implementation for CO₂, and Patra et al (2011) for
implementation for SF₆. Our approach of starting with priors that match the global growth
rate is entirely in line with this philosophy. In fact, we would go even further and argue
that starting with a prior that has a known bias in something as basic as the decadal
growth rate violates one of the basic premises of Bayesian estimation, which is that the
prior is unbiased. For short inversions this may result in posterior biases that are
negligible. However, for long inversions, starting with a biased prior will usually result in a
biased posterior (e.g., Bruhwiler et al (2014)) and an atmospheric tracer field that moves
farther away from the truth with time. This is clearly not desirable for an atmospheric
inversion.

Regarding the referee’s observation that our 1σ prior error of 40 Tg/year is four times



smaller than the gap of 160 Tg/year between top-down and bottom-up GCP estimates,
this is correct but not entirely relevant to the setup of an atmospheric inversion. The 160
Tg/year gap is a bias (there is no reason to believe that the GCP bottom-up estimates are
normally distributed around the truth), and the prior error covariance is not supposed to
be a measure of the bias in the prior, nor the spread between a set of bottom-up fluxes.
The prior error covariance is supposed to be the covariance of (prior – truth). Since we
have scaled the prior to match the decadal growth rate (i.e., mitigated the prior bias), we
only need to provide enough “slack” in the prior to encompass the range of flux estimates
that may arise from reasonable bottom-up models. We note that with a 1σ error of 40
Tg/year, 95% of the bottom-up flux estimates are supposed to lie within a range of ±2σ
or 160 Tg/year.

Finally, regarding the referee’s concern that we are using the same data twice in creating
a balanced prior, while theoretically true, is a red herring that makes little difference in
practice. Figure 1 shows the annual growth rate of CH₄ derived from NOAA’s marine
boundary layer (MBL) sites and from daytime flask samples at Mauna Loa (not included in
MBL). The differences are very small at the annual scale and ~1 ppb or less for five-year
averages. In this work, we used MBL-derived growth rates (blue circles) to adjust our
prior and did not assimilate Mauna Loa flask CH₄ data. Figure 1 suggests that if, instead,
we had just used (non-assimilated) Mauna Loa flask data (red squares) to calculate the
growth rate and adjust our prior, it would have made very little difference to the prior and
consequently even less difference to the posterior. Technically, this is because we are
using up exactly one degree of freedom from the data to adjust the prior – the annual
growth rate – leaving many, many more for the inversion to interpret.



The section on future work mentions some of the limitations of the current setup that will
need to be improved on. The question is how these limitations may affect the conclusions
from this work on the relative importance of changes in microbial and fossil emissions.
Here, attention is raised for uncertainties in OH, rightly so I would say. A study of Zhao et
al (ACP, 2020) concludes that sink uncertainties are about as important as emission
uncertainties. As Lan et al (2021) and others have shown, changes in the sink are unlikely
to explain the post 2007 increase. However, this doesn’t mean that the sink should have
remained constant. There is little consensus on the longer-term OH trend, particularly
between the atmospheric chemistry community and those who study methyl-chloroform.
Worden et al (2017) tried to quantify the impact of hypothetic OH trends on the microbial
/ fossil emission trend partitioning. The question is how sensitive the conclusion on
microbial versus fossil emission increases is to the possibility of a non-zero OH trend that
is within the uncertainty of methyl chloroform. I realize that this is a difficult question to
answer, but to draw conclusions on emission scenarios postponing the discussion on OH to
future work is too easy in my opinion.

The reviewer makes a valid point. While a purely OH-driven explanation for the recent
growth in CH₄ has been ruled out by Lan et al (2021), smaller variations in the CH₄
budget are entirely possible due to variations in OH. Before getting into the possibilities
for OH changes, we would like to make two comments. First, while the global methane
emissions depend strongly on the total sink, the split between microbial, fossil and
pyrogenic sources based on δ¹³CH₄ has a very weak dependence on the total sink (no
dependence at steady state). This is because the total sink strength does not factor into
the relationship between the emission-weighted source signature and the atmospheric
δ¹³CH₄ at steady state (Miller, 2004). Second, OH is not the only sink of atmospheric
methane. It is the largest sink but has the smallest discrimination between ¹²C and ¹³C.
Therefore, a downward trend in OH makes atmospheric CH₄ heavier because the other
sinks become (relatively) more important. Most studies that try to attribute the recent
growth of methane to sink changes (e.g., Rigby et al (2017), Turner et al (2017)) miss
this fact because they assume OH is the only sink of methane. In the presence of other
sinks (chlorine, oxygen, soil sink), if even part of the upward CH₄ trend were to be
explained by a downward trend in OH, it would require even more microbial contribution
than what has been reported in our work to match the δ¹³CH₄ time series.

There are two kinds of possible variations in OH, trend and interannual variability with no
long-term trend. Not only would a decreasing OH trend be insufficient to explain the
recent trends in CH₄ and δ¹³CH₄ for reasons detailed above, neither is there any
mechanistic explanation for why such a trend should exist for the past fifteen years (Nicely
et al., 2018; Anderson et al., 2021). In fact, oxidation of CH₄ by OH may have increased
in recent times due to the reduction in CO emissions (Gaubert et al., 2017). On the other
hand, interannual variability in OH is a very real possibility that is simulated by most
atmospheric chemistry models. We have hesitated to use OH directly from an atmospheric
chemistry model because their simulation of the decay of methyl chloroform or the north-
south gradient do not match constraints from observations (Montzka et al., 2011; Patra et
al., 2014). However, in the near future we plan to impose OH variations calculated by
several different atmospheric chemistry models to see what difference that makes on our
methane emission estimates.

Besides comparisons to the GCP inversions there must be some specific comparison with
other methane modelling studies that have used isotopic measurements. Some of those
also used 3D models (e.g. Thompson et al, 2018 and McNorton et al, 2018). In the case of
McNorton et al (2018), the largest contribution to the emission increase was attributed to
the energy sector. Apparently, within the uncertainty of different models and setups it is
possible to arrive at different conclusions regarding the contribution of microbial and fossil
sources to the CH4 increase. It is important to understand what explains this, which may
be difficult, but to compare and acknowledge the different outcomes is easy and should be



done.    

Thompson et al (2018) use a 2D model without zonal structure, and not a 3D model.
However, we take the reviewer’s point about comparison with other top-down studies that
use CH₄ and δ¹³CH₄ data. In the revised manuscript, we have added sections to compare
our results to Thompson et al (2018), McNorton et al (2018) and Zhang et al (2021). The
most significant difference we find between our work and these three previous studies is
that unlike us, all three studies estimate a significant downward trend in pyrogenic
emissions. Since pyrogenic emissions are the heaviest of the three categories, their
reduction necessitates a larger increase in fossil emissions to reproduce the δ¹³CH₄ trend.
We note that our prior pyrogenic emissions from GFED 4.1s do have a negative trend (van
der Werf et al., 2017), and therefore our smaller posterior trend must be driven by
atmospheric data. It is possible that the larger negative trend in pyrogenic emissions seen
by these three studies were driven more by their assumed prior emissions than
atmospheric data. This is supported by the “INV_FIXED” sensitivity test of McNorton et al
(2018), where they do not impose a prior trend on pyrogenic emissions and consequently
see no trend in the posterior.

Line 69: Another number should be used for r_std. Footnote 1 is well taken, but the use of
the outdated R_PDB=0.0112372 causes confusion in the literature that is better avoided.

As we note in that footnote (and the reviewer seems to agree), the exact value of rstd
affects neither our formulation nor our conclusions. However, since we have used the long-
standing value 0.0112372 from literature (Craig, 1957), it would be incorrect of us to
modify the text and simply substitute that value with another value (which one?) from
more recent literature. Furthermore, even though the meat of our conclusions would not
change, since there are several places where conversion between δ’s and tracer fluxes are
performed, some of the exact numbers in our figures and tables might. Adopting a new
value of rstd consistently would entail reprocessing our observations and prior fluxes and
redoing every single one of our model runs. We think that this is too much of an ask at
this stage, and therefore respectfully decline the reviewer’s recommendation.

Equation 8 and 9: What is the advantage of modelling CH4 and CH4 delta' over modelling
CH4 and 13CH4? Both choices provide all the information that is needed to compute
model analogues of CH4 and d13C measurements given sources, sinks and atmospheric
signatures, right?

The most straight-forward set up of an atmospheric inversion has the form d(conc)/dt =
fluxes – loss. This lets us assimilate measurements of ‘conc’ and estimate ‘fluxes’. If we
set up the problem where ‘conc’ is either CH₄ or ¹³CH₄, then the second mass balance
equation would lead us to estimate fluxes of ¹³CH₄. This is one step removed from what
we want, which are fluxes of CH₄. It is true that at each iteration, we could calculate the
adjoint emissions of ¹³CH₄, then transform them into adjoint emissions of CH₄ through
partial derivates and assumed surface maps of the isotope signatures. However, that is
one additional transformation we would have to build into the variational loop.
Formulating our mass-balance the way we have (equations 8 and 9) lets δ¹³CH₄
measurements directly influence and optimize CH₄ surface fluxes without that additional
transformation.

Line 108: What time step is used in B?

The time resolution at which fluxes are optimized, i.e., monthly.

Table 1: Does "microbial" make a distinction between natural and anthropogenic microbial
emissions? Emissions from the main contributors ruminants and natural wetlands would
have rather different uncertainties.



It does not. We are aware that this is a limitation of our current work, and we have
mentioned this at several places in the text. In principle, CH₄ emissions from agriculture,
waste and wetlands can have small differences in their δ¹³C signatures that vary
geographically. In practice, neither our source signature maps nor our δ¹³CH₄
measurements are extensive or detailed enough to reflect or utilize such differences.

Figure 2b: What motivates the use of this scheme over a single long sequential inversion?
(memory / max. run time of a job?)  

The limitation is indeed the maximum allowed run time of a job on the clusters we had
access to. In a 1997—2017 inversion performed as a single run, we would need to
perform 21-year TM5 forward and adjoint runs, either of which would exceed the 8 hours
allowed per job on our cluster.

Line 183: This assumes that the scale conversion error can be represented by a random
uncertainty, changing from sample to sample with zero mean. Whereas, in reality this
scaling error would be systematic. Then how appropriate is the treatment of this
uncertainy?

The reviewer is right that a different scale means a systematic difference in
measurements. However, we use the scale conversion factor to correct for that, and what
is left, i.e., the “uncorrected” error, is assumed to be mostly random. We have accounted
for the uncertainty in the scale conversion factor in the total measurement uncertainty.
Random uncertainty also exists during scale propagation for labs on the same scale (the
absolute scale uncertainty is typically larger, but if all measurements are on the same
scale, the absolute scale uncertainty is not a problem). We estimate this uncertainty using
the reproducibility of standards, i.e., changes in measurements of the same standards
over a long period of time. The scale propagation uncertainty is also included in the total
measurement uncertainty.

Line 194: How about model representation errors, particularly in measurements from
tower sites?

We do include a model representation error, calculated for each measurement, based on
modeled tracer gradients. This is mentioned on line 107 of the original manuscript with
Meirink et al (2008) as the reference. Note that this model representation error, being
specific to TM5, is not included in the released dataset.

Line 230: A table would be useful that summarizes the adjustments that are made in the
sensitivity tests.  

We agree that there are quite a lot of sensitivity tests. However, since the tests are
exploring very different axes (e.g., source signatures, initial fields, atmospheric chemistry,
wetland inundation, to name some), we could not come up with way to summarize them
in a table efficiently. We have therefore taken the current approach of grouping them by
motivation and listing them as separate subsections.

Line 240: This assumes that the relative importance of Cl for the oxidation CH4 and MCF is
the same, which is not the case.

Not really. For each instance of tropospheric chlorine, we came up with an OH scale by
repeatedly running TM5 forward with that tropospheric chlorine and different scalings of
OH, until (iteratively) we arrived at a scale that gave the same CH₄ lifetime in our model.
No equivalence between CH₄ and MCF was assumed.

Line 259: Why would systematic errors in fractionation factors be non-gaussian?



We are not sure if the reviewer has put down the appropriate line number for this
comment. In the original manuscript, line 259 is under §2.6.3, which discusses systematic
errors due to source signatures, while errors in fractionation factors are covered in §2.6.2.
Since the term “non-Gaussian” occurs in the original manuscript in §2.6.3, we will assume
that they are talking about source signatures and not fractionation factors.

In a Gaussian distribution, values that are equidistant from the mean on either side are
equally likely. However, if the assumed source signature of a region in our inversion is
(say) –45‰, and a second source signature map reports –50‰ for that region, we
cannot simulate that with a Gaussian perturbation on the first map. Any Gaussian
perturbation around a mean of –45‰ will yield –50‰ and –40‰ with equal likelihood.
That is, we cannot design a covariance matrix that, under random Gaussian perturbations
around –45‰, will yield –50‰ more often than –40‰. This is what we mean by “non-
Gaussian”, and this why we have not explored source signature errors in our Monte Carlo
ensembles.

Line 305: As shown in Houweling et al (2017) what matters more for the initialization than
the gradient are the initial atmospheric burdens of CH4 and 13CH4 – which take longer to
equilibrate. It is unclear how the burdens differ between the scenarios that are tested.

This is true, and was pointed out earlier by Tans (1997). For each of the scenarios that
would result in different atmospheric CH₄ and ¹³CH₄ burdens, we did a long forward run
from 1984 to equilibrate the atmospheric burdens by 2000.

Figure 5: It is obvious that the CH4-only inversion will not get the isotopic source/sink
balance right (it would be a coincidence if it did). But if you would account for mean
offsets in this balance (e.g. by a different choice of fractionation factors), then I wonder
how well it might reproduce the observed d13C time variation (towards the end of the
time record it seems to be getting some of the observed variability right).

This is possible in principle. The thing to note here is that even in the CH₄-only inversion,
the initial field and prior fluxes are constructed to match the atmospheric CH₄ and δ¹³CH₄
trends, yet in the absence of δ¹³CH₄ data they progressively stray away from observed
δ¹³CH₄. We agree with the reviewer that if they did not, that would be a coincidence.

Figure 6: It is obvious that the CH4 only inversion is performing worse than the CH4 +
d13C inversion. But it is not obvious that the CH4 + d13C inversion is doing better than
the prior. Some further quantification of this would be useful to evaluate the performance
of the isotope inversion.  

The reviewer is correct that the prior seems to do as well as the joint inversion in Figure 6,
while the CH₄-only inversion always does worse. In fact, if we calculate the mean
mismatch in δ¹³CH₄, only for the HIPPO comparisons does the joint inversion do
significantly better than the prior. The table below shows the mean difference between
modeled and observed δ¹³CH₄ values from the three campaigns. As in Figure 6, the main
point is that the CH₄-only inversion does significantly worse and is therefore likely to yield
incorrect emissions.

We think the prior is doing well in this comparison because the prior fluxes, scenario



“C_WL+” of Lan et al (2021), were constructed to match the background CH₄ and δ¹³CH₄
fields quite well. They did not match the observed high-latitude seasonality in δ¹³CH₄, but
the aircraft data shown in Figure 6 do not have the samples to pick that up.

Figure 8: The perfect separation between the two sensitivity tests in several of the panels
puzzled me initially. The way I understand it now is that the shaded region is the
difference between the reference inversion and the sensitivity test. The puzzling plots
show impacts of two tests that point systematically in opposite direction of the reference.
It would help to add a clarifying sentence in the text.

A stronger OH fractionation makes the atmosphere heavier, requiring a larger (smaller)
fraction of microbial (fossil) to match the same observations. Since chlorine has the
strongest discrimination among all sinks, a smaller chlorine sink makes the atmosphere
lighter, requiring a smaller (larger) fraction of microbial (fossil) to match the same
observations. Therefore, a stronger OH fractionation and a smaller chlorine sink affect the
fossil/microbial partitioning in opposite ways, resulting in the structure seen in Figure 8.
This is now explained in the figure caption.

Line 400: Why "this suggests"? You have all the numbers needed to quantify the
contribution of the Tropics to the total, right?

Correct. We were just being cautious, as in “suggests” instead of “proves”, because our
inversion is not the last word on the methane budget. We have changed the phrasing to
“Therefore, the largest contribution to the global increase in microbial emissions between
the two periods comes from the Tropics.”

Line 401: The trouble is that the Tropical continents have almost no measurement
coverage, especially for d13C. Could this outcome just be explained by larger a priori
uncertainties in the Tropics making the flux adjustments the least costly?

We would of course love more δ¹³CH₄ measurements (also more CH₄ measurements) in
the Tropics. However, the point here is that we only get this majority attribution to the
Tropics if we use δ¹³CH₄ data. If it were just a function of the prior flux uncertainty, we
would also see this attribution in a CH₄-only inversion.

Section 4, discussion: To end the paper with this section title suggests that the paper has
no conclusions, whereas this section actually contains a numbered list of conclusions. Due
to this, the conclusions appear to be somewhat hidden for a reason that is unclear to me.
I would suggest to avoid any confusion, particularly among those readers who quickly
want to jump to the conclusions, by changing the title into ‘Discussion and conclusions’.

This suggestion is well taken. We have completely reworked this section, calling it
“Conclusions and discussion”, with a subsection called “Enumerated conclusions”.
Comparisons with other published papers and future directions are other subsections of
this section now.

Line 65, This suggest that L refers to a lifetime, whereas instead probably something like
“Loss” was meant. The use of “lifetime” is confusing because that would be 1/L. I realize
that the sentence can be read differently, but it is better to avoid possible confusion.

We called it “inverse lifetime”. However, we agree that this can be confusing, so in the
revision we say “can be denoted as a loss rate or inverse lifetime”.

Line 116, “eq. (12)” i.o. “(12)”

Corrected.



line 212: 'errors' i.o. 'variations'? 'Variations' is ambiguous in this context in the sense
that it could refer to real variations as opposed to errors.

Fair point. Changed “variations” to “errors”.

References

Anderson, D. C., Duncan, B. N., Fiore, A. M., Baublitz, C. B., Follette-Cook, M. B., Nicely,
J. M., and Wolfe, G. M.: Spatial and temporal variability in the hydroxyl (OH) radical:
understanding the role of large-scale climate features and their influence on OH through
its dynamical and photochemical drivers, Atmospheric Chem. Phys., 21, 6481–6508,
https://doi.org/10.5194/acp-21-6481-2021, 2021.

Bruhwiler, L., Dlugokencky, E., Masarie, K., Ishizawa, M., Andrews, A., Miller, J.,
Sweeney, C., Tans, P., and Worthy, D.: CarbonTracker-CH₄: an assimilation system for
estimating emissions of atmospheric methane, Atmospheric Chem. Phys., 14, 8269–8293,
https://doi.org/10.5194/acp-14-8269-2014, 2014.

Chevallier, F., Ciais, P., Conway, T. J., Aalto, T., Anderson, B. E., Bousquet, P., Brunke, E.
G., Ciattaglia, L., Esaki, Y., Fröhlich, M., Gomez, A., Gomez-Pelaez, A. J., Haszpra, L.,
Krummel, P. B., Langenfelds, R. L., Leuenberger, M., Machida, T., Maignan, F., Matsueda,
H., Morguí, J. A., Mukai, H., Nakazawa, T., Peylin, P., Ramonet, M., Rivier, L., Sawa, Y.,
Schmidt, M., Steele, L. P., Vay, S. A., Vermeulen, A. T., Wofsy, S., and Worthy, D.: CO₂
surface fluxes at grid point scale estimated from a global 21 year reanalysis of
atmospheric measurements, J Geophys Res, 115, D21307–D21307, 2010.

Craig, H.: Isotopic standards for carbon and oxygen and correction factors for mass-
spectrometric analysis of carbon dioxide, Geochim. Cosmochim. Acta, 12, 133–149,
https://doi.org/10.1016/0016-7037(57)90024-8, 1957.

Gaubert, B., Worden, H. M., Arellano, A. F. J., Emmons, L. K., Tilmes, S., Barré, J.,
Martinez Alonso, S., Vitt, F., Anderson, J. L., Alkemade, F., Houweling, S., and Edwards,
D. P.: Chemical feedback from decreasing carbon monoxide emissions, Geophys. Res.
Lett., 44, 9985–9995, https://doi.org/10.1002/2017GL074987, 2017.

Houweling, S., Bergamaschi, P., Chevallier, F., Heimann, M., Kaminski, T., Krol, M.,
Michalak, A. M., and Patra, P.: Global inverse modeling of CH₄ sources and sinks: An
overview of methods, Atmospheric Chem. Phys., 17, 235–256,
https://doi.org/10.5194/acp-17-235-2017, 2017.

Lan, X., Basu, S., Schwietzke, S., Bruhwiler, L. M. P., Dlugokencky, E. J., Michel, S. E.,
Sherwood, O. A., Tans, P. P., Thoning, K., Etiope, G., Zhuang, Q., Liu, L., Oh, Y., Miller, J.
B., Pétron, G., Vaughn, B. H., and Crippa, M.: Improved Constraints on Global Methane
Emissions and Sinks Using δ13C-CH₄, Glob. Biogeochem. Cycles, 35, e2021GB007000,
https://doi.org/10.1029/2021GB007000, 2021.

McNorton, J., Wilson, C., Gloor, M., Parker, R. J., Boesch, H., Feng, W., Hossaini, R., and
Chipperfield, M. P.: Attribution of recent increases in atmospheric methane through 3-D
inverse modelling, Atmospheric Chem. Phys., 18, 18149–18168,
https://doi.org/10.5194/acp-18-18149-2018, 2018.

Meirink, J. F., Bergamaschi, P., and Krol, M. C.: Four-dimensional variational data
assimilation for inverse modelling of atmospheric methane emissions: method and
comparison with synthesis inversion, Atmospheric Chem. Phys., 8, 6341–6353,
https://doi.org/10.5194/acp-8-6341-2008, 2008.



Miller, J. B.: The Carbon Isotopic Composition of Atmospheric Methane and its Constraint
on the Global Methane Budget, in: Stable Isotopes and Biosphere - Atmosphere
Interactions, edited by: Pataki, D., Ehleringer, J. R., and Flanagan, L. B., Academic Press,
288–310, https://doi.org/10.1016/B978-012088447-6/50016-7, 2004.

Montzka, S. A., Krol, M., Dlugokencky, E., Hall, B., Jöckel, P., and Lelieveld, J.: Small
interannual variability of global atmospheric hydroxyl, Science, 331, 67–69,
https://doi.org/10.1126/science.1197640, 2011.

Nicely, J. M., Canty, T. P., Manyin, M., Oman, L. D., Salawitch, R. J., Steenrod, S. D.,
Strahan, S. E., and Strode, S. A.: Changes in Global Tropospheric OH Expected as a Result
of Climate Change Over the Last Several Decades, J. Geophys. Res. Atmospheres, 123,
10,774-10,795, https://doi.org/10.1029/2018JD028388, 2018.

Patra, P. K., Houweling, S., Krol, M., Bousquet, P., Belikov, D., Bergmann, D., Bian, H.,
Cameron-Smith, P., Chipperfield, M. P., Corbin, K., Fortems-Cheiney, A., Fraser, A., Gloor,
E., Hess, P., Ito, A., Kawa, S. R., Law, R. M., Loh, Z., Maksyutov, S., Meng, L., Palmer, P.
I., Prinn, R. G., Rigby, M., Saito, R., and Wilson, C.: TransCom model simulations of CH₄
and related species: linking transport, surface flux and chemical loss with CH₄ variability
in the troposphere and lower stratosphere, Atmospheric Chem. Phys., 11, 12813–12837,
https://doi.org/10.5194/acp-11-12813-2011, 2011.

Patra, P. K., Krol, M. C., Montzka, S. A., Arnold, T., Atlas, E. L., Lintner, B. R., Stephens,
B. B., Xiang, B., Elkins, J. W., Fraser, P. J., Ghosh, A., Hintsa, E. J., Hurst, D. F., Ishijima,
K., Krummel, P. B., Miller, B. R., Miyazaki, K., Moore, F. L., Mühle, J., O’Doherty, S.,
Prinn, R. G., Steele, L. P., Takigawa, M., Wang, H. J., Weiss, R. F., Wofsy, S. C., and
Young, D.: Observational evidence for interhemispheric hydroxyl-radical parity, Nature,
513, 219–223, https://doi.org/10.1038/nature13721, 2014.

Rigby, M., Montzka, S. A., Prinn, R. G., White, J. W. C., Young, D., O’Doherty, S., Lunt, M.
F., Ganesan, A. L., Manning, A. J., Simmonds, P. G., Salameh, P. K., Harth, C. M., Mühle,
J., Weiss, R. F., Fraser, P. J., Steele, L. P., Krummel, P. B., McCulloch, A., and Park, S.:
Role of atmospheric oxidation in recent methane growth, Proc. Natl. Acad. Sci., 114,
5373–5377, https://doi.org/10.1073/pnas.1616426114, 2017.

Tans, P. P.: A note on isotopic ratios and the global atmospheric methane budget, Glob.
Biogeochem. Cycles, 11, 77–81, https://doi.org/10.1029/96GB03940, 1997.

Thompson, R. L., Nisbet, E. G., Pisso, I., Stohl, A., Blake, D., Dlugokencky, E. J., Helmig,
D., and White, J. W. C.: Variability in Atmospheric Methane From Fossil Fuel and Microbial
Sources Over the Last Three Decades, Geophys. Res. Lett., 0,
https://doi.org/10.1029/2018GL078127, 2018.

Turner, A. J., Frankenberg, C., Wennberg, P. O., and Jacob, D. J.: Ambiguity in the causes
for decadal trends in atmospheric methane and hydroxyl, Proc. Natl. Acad. Sci., 114,
5367–5372, https://doi.org/10.1073/pnas.1616020114, 2017.

Weir, B., Ott, L. E., Collatz, G. J., Kawa, S. R., Poulter, B., Chatterjee, A., Oda, T., and
Pawson, S.: Bias-correcting carbon fluxes derived from land-surface satellite data for
retrospective and near-real-time assimilation systems, Atmospheric Chem. Phys., 21,
9609–9628, https://doi.org/10.5194/acp-21-9609-2021, 2021.

van der Werf, G. R., Randerson, J. T., Giglio, L., van Leeuwen, T. T., Chen, Y., Rogers, B.
M., Mu, M., van Marle, M. J. E., Morton, D. C., Collatz, G. J., Yokelson, R. J., and
Kasibhatla, P. S.: Global fire emissions estimates during 1997--2016, Earth Syst. Sci.
Data, 9, 697–720, https://doi.org/10.5194/essd-9-697-2017, 2017.



Zhang, Z., Poulter, B., Knox, S., Stavert, A., McNicol, G., Fluet-Chouinard, E., Feinberg,
A., Zhao, Y., Bousquet, P., Canadell, J. G., Ganesan, A., Hugelius, G., Hurtt, G., Jackson,
R. B., Patra, P. K., Saunois, M., Höglund-Isaksson, L., Huang, C., Chatterjee, A., and Li,
X.: Anthropogenic emission is the main contributor to the rise of atmospheric methane
during 1993–2017, Natl. Sci. Rev., 9, https://doi.org/10.1093/nsr/nwab200, 2021.

Powered by TCPDF (www.tcpdf.org)

http://www.tcpdf.org

