Summary of the revisions:

We have re-written many sections of the manuscript and have modified or replaced many of the
figures. We discuss many of these changes in detail in the replies to the reviewers. Below is a list of
several large-scale changes to the manuscript. We have also attached two pdf files that detail changes
to the manuscript and to the supplement.

We have re-designed the synthetic data experiments. The new setup provides analysis on why
atmospheric observations can or cannot detect wetland fluxes. This revision adds depth to the
analysis, as requested by reviewer #1. We also cut synthetic experiment #2, as suggested by
reviewer #1. Furthermore, the revised approach addresses the concerns raised by reviewer #2.
In particular, we use all of the WETCHIMP models in the analysis. We rely more heavily on
the existing literature to support the methodology. Furthermore, we show that the method would
always select a wetland flux model if there were no measurement or modeling errors. These
changes show that the result of the analysis are not spurious and that the methodology is not un-
tested.

We have added additional information on atmospheric transport and modeling errors throughout
the manuscript. For example, we have added a section to the supplement on atmospheric
transport and modeling errors. We also provide more extensive references to existing literature
that directly addresses this topic. The re-designed synthetic data experiments further highlight
the effect of atmospheric transport and modeling errors. These changes address suggestions
from both reviewers.

We have re-written the conclusions section based on the general comments from reviewer #1.
The revised manuscript also provides more analysis on why discrepancies might exist between
bottom-up models and results based upon atmospheric data. We discuss advantages and
disadvantages of both bottom-up and top-down approaches, a more equitable balance than in
the previous manuscript (as suggested by reviewer #1).

We changed the wording and structure of the article based upon the general comments from
reviewer #1. Among other changes, we provide more discussion of the observations and
modeling framework. We also removed repeated/redundant material and made other stylistic
edits recommended by reviewer #1.
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Abstract

Existing estimates of metha€Hj,) Ruxes from North American wetlands vary widely in both
magnitude and distribution. In light of these disagreements, this study uses atmosptibegae
CH, observations from the US and Canada to analyze seven different bottom-up, wetlar
methaneCH, estimates reported in a recent model comparlson prOJect We brst use syntrﬁt
data to explor&eww A

uoissnasig
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ded

,mplled by,,mmospherucm Qata, pssiblyindicating an over- sensrtrwty to air or 30|I tempera-

that is most consrstent with atmospherlc observations, depending upea&berarre#egren
J&Hhk&nﬂresﬁqqedels—EPd—BemaneISDG\#Mregloqanq §easom,:|'hesemodelsutlllze land
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coverage-A-
esaﬂﬂra{es&eres@aﬁada

while mostgthermodelsrely primarily, on remotegensingpyndationgata.

1 Introduction

MethaneCH4 Ruxes from wetlands play@itical role in global climate chang®iethaneCHy
is the second-most important long-lived greenhouse, gasdthe radiative forcing of the cur-
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rent atmospheric burden is approximately?26f carbon dioxidgBytler, 2014). Wetlands are g
possibly the largest single source of this gas to the atmosphere and account for rouigidy 30 £
global emissions (Ciais et al., 2013). §
Despite the important role of wetlanmdethaneCH4 3uxes in climate change, existing esti-
mates of this source disagremrkedlyon the magnitude, seasonality, and spatial distribution o:g
Ruxes, from regional to global scales. In facteaent global model comparison project namedE

WETCHIMP (Wetland and WetIan@HerH4 Inter- companson of Models Prolect) found Iarge

ample, existing estlmates of maX|mum global wetland coverage differ by ofartar of 6

b from4.1+-10°t0-26.91-10°km?4, 1! 10°,tq,26.9! 10°Pkm? . Furthermore, estimates of
global natural wetland Ruxes range from 92PDR6@H L Tg CH4yr' 1. The relative mag-
nitude of these uncertainties increases at sub-global spatial scalesase m pointmethane
CH, estimates for CanadaOs Hudson Bay Lowlands (HBL) range from 0.2 bgl@ia;
yr-LTg CH4yr' 1. These disagreements in currentthaneCH,4 estimates do not bode well
for scientistsO abilities to accurately predict future changes in wetland Ruxes due to clime
change (Melton et al., 2013). 2
A number of studies have used chamber measurementse#faneCH, to parameterize 2

or evaluate biogeochemicatethaneCH4 models (e.g., Livingston and Hutchinson 2009) =

laded uoissnasiq

CH4 data coIIected in the atmospheﬂweentrastsees the cumulatlve effectafethaneCH4 _
Buxes acrossi

Rux estimates across different countries or continents.
The present study compares the WETCHIMRthaneCH4 Bux estimates against atmo-
sphericmethaneCH4 data from 2007D2008 through two sets of analyses. First, we const %c
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Bayesian Information Crlterlon (BIC%esenbedegreﬁerde%&rhn%eet?@@Mg&eh&lﬁ@%F%
QD

Baseebmhe(ﬁeg,t,,,,g“g,,§hrga,,ep al.,,2014; Fang etal., 2014 Fang and Michalak, Zpas) . ?E

ded uoiss:

usingmethaneCH, data coIIected from towers and regular aircraft Blghts operated by NOAA
and its partners and from towers operated by Environment Canada.

2 Methods

ISSN2sIq

This section brst describes the atmospherithanreCH, data and the atmospheric model thatS
allows direct comparison between the data and various 3ux estimates. Subsequent sections
o
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scribehewwe usethesetoolsto-construeboth the synthetic and real data experiments outline
in the introduction (Sect. 1).

2.1 Data and atmospheric model
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The present study utilizes atmosphen
ebsewaﬂemﬁesCHzl qp;ﬁervatlonﬁrom mrcraft@ndmwerpl@tforms@gross{he US @ndganada
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#em%@@?-ze%fliheWemgprporatm,ucraﬁ;gata,upxo gﬁOOmg,ltltudea§wa§donepn,,MpUenl et al. (
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We then employ an atmospherlc transport model to reim&aanecm Ruxes at the EarthOs £ 7
surface to atmospheric concentrations at the observation sites. The modeling approachh
combines the Weather Research and Forecasting (WRF) meteorological modgtatidla-
following model known as STILT, the Stochastic Time-Inverted Lagrangian Transport mo@
(e.g., Lin et al,, 2003; Nehrkorn et al., 2010; Hegarty et al., 2013). WRF-STILT generséts a
of footprints; these footprints quantitatively estimate the sensitivity of each observation to Buxe
at each surface location (with units of ppb per unit surface Bux). We multiply the footprints by
a Rux model and add this product to an estimate oféﬂﬂlmekgreuﬁemq@ckgroundcmcen-

tration D thenethaneCH4 concentration of air entering the North American regional domain
We,,e,stlmatths pg,g;kground;gnpentratlomsmg CH4 gprﬁ,ervatlon,;g;glIectedpear,o rpverthe

Nas|

M_q_l_l__e__rm tal (2014) The resulting modeled concentratlons can be compared directly again:
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atmospherlcmethaHeCH4 observatlons This modeling setup+dentreatt&the §,ameas;n
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tions using the WETCHIMP RBux estimates (FiD. agalnst observed atmospherlc concentra-
tions. The \WETCHIM ,,,mowctwas,gjesrgnegto,,qgmpareﬁp,muIatquetIandmg,trlbutlonﬁand
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boreal North America and six provide an estimate for temperate North Amerlca These mode
include CLM4Me (Riley et al., 2011), DLEM (Tian et al., 2010), LPJ-Bern (Spahni et al., 2011),
LPJ-WHyMe (Wania et al., 2010), LPJ-WSL (Hodson et al., 2011), ORCHIDEE (Ringevg

etal., 2010), and SDGVM (Singarayer et al., 2011)maﬂde+euteutslﬁ}avea[}u>gmode|9utputs g

and the Supplement.

2.2 Medelselectionframewerk-Synthetic data experiments

Jladeq
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We use atorm of the BIC that has been adapted for use withgeastatistical inverse model-

ing frameworI(egJ!I\A4tJreteeteetl—zeacétaf1 This, §etuphasprewouslypeeqt,lsedto,,§eIectepther

Shiga et al. (2014)andFang.and ”M'lchalak (2015) : =

(@]

(=

| 0

BIC=Ip ! |+(z! HX t,ﬁT! "z HX!); P_lpéﬂi o 2

negative log-likelihood penalty term %

QD

The prsttermtyo, termsin Eqd-is, (1) arethe negative log-likelihood, measure of how well S
the model bts the daté-thatterm; Thelasftermpgnalizeg particularmodelpasedponthe

nymberof explanatoryyariables(p), The pestcombinatiopor gandidatgpode|hasthe jowest

RIC score. =

Jheyariablez (n" 1) represents the observations minus background concentrakons, &

(n" m) the footprints x—gnd! | (m"—p)-amatrixof p-explanatoryariablest—(p"—1)j-aset 73

of-coefbcientsassighedo-thosevariables;and!—(n" n) g covariance matrix derived from S

an atmospheric inversion frameworkae data(z)footprints(H)-andparametershatdebnre o

the covariancematrix{l—)-aretakenfrom ] hesgyariablesare hasedjponfwo gxistingjnverse ?13
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mpdellngﬁtudleeby Miller et al. (2013) and Miller et aI (2014) (refer to the Supplement) Th@

a¥a aY Fa O aYadlada s N

Mm p)..gontalnm..ﬁxplanatorwgrlables,ln..Ihe,s;urrenl;setup.
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feHheJclSeneleanadafrom Mlller et al. (2013) and Miller et al. (2014)espectively.and
useeneeHheWHGkHMPmeéelsasmeweﬂaHeBu%esﬁma{e,Fon,,ggn&stencm,rnongthe
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he ;LQ,WetIan(;t[},ux maps We run thlsmodelmlectlonexperlment 1000 tlmes generatlng new

synthetlc data each time, and calculate the percentage of all trials in which the model s%e
tion chooses avetland model%e*pement#meeeﬁpelems@%aremed{eﬁm %
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frepuentlyeachof the 16 Wﬁtland,[Sux mapss,chosen|f ,qwetland[}uxmapps ghosen/,vnh high

ghe coefbments 10) buHa%heresHma%eeeeﬁperemshaHﬁﬂme%haeg—erqueé—m%q%
;o Qne,w e,,msteaqjgﬁ,tlmatghq,ggefbuentmsmgreal atmosphericCH, gp§ervat|onsWe also
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We modelmethaneCHy, concentratlons at aumber of US and Canadlan observatlon sites u
ing the WRF-STILT - WETCHIMPandmodel,the \WETCHIMP estimatesangthe EDGAR

11
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the magnrtude of these model estimates for each month agarnst the averaged observatrons3

We further compare the seasonalrty of existing bottom-up models agarnst the seasonali
arecent inverse modeling estimate by Miller et al. (2014). We plot the monthijrandudget
asa—traetreeettheamualtetatppdgets‘or both the bottom -up models and the mversron esti-

" JodBY uoissnasig |£ Jaded:

Note that inter—annual variability in existingethaneCH,4 Bux models is small relative to
the differences among these models; assailt, conclusions from thg-year2 year study pe-
riod (2007D2008) likely hold for other years. For example, the inter-annual variability in t@e
total US/Canadian budget is7-3+-9:7%:+ 7 360.7 %, (standard deviation), depending upon®

the model in question (Note that LPJ-Bern has even larger inter-annual variation due to an iss

with model spin-up described Wania-et-ak-{2013)\Vania et al., 2013.
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3 Results and discussion: synthetic experiments

The synthetic experiments presented here explore the limits of exrstlng atmospheric dat
constraining wetland Buxes: :
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Theresu#sef—ﬂmse*peﬂmeaaresm%man%ed%@%aihefour columns in Figga 3adis-

play the results from an individual season in each of four geographic reglons In this exper

ment, th =
Eas{erPaHdWes{emGaaadaamnthetlecm !9_Q§ervatloq;sar]_q_etec;aggregatm/_etlandCH4 g
Ruxegfrom EasternGanadianyetlandsin greater than 7% of all trials for the summepand 2
fall seasonsin the eastern US, the model selection framework choosestiand model in =
50B72bD500 of all trials in multiple different seasons. By contrast, eservatiengynthetic g
CH4 dataare least sensitive to wetland Buxes in the western US, and the model selection frain

work chooses wetland Buxes from that regiondasfewerthan 23% of all trials irrespective

of the season. This result may be due, in part, torthetively-dry-climateandseantwetlands
ﬁeantwetland§and,§par5gmposphermprservatlonsn much of the westijiheme%haaeslgaal

1aded uoissnasig

gion, even though there are relatively few observatlon sites |n the area In other reglons
ebse#vaﬂefmmosphen(ﬁ:m network is Iess sensmve to wetlands durlng the wmter fall, an
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§ynthet|qjatas¢to - thegxperimenin Fig. 3b. We,rﬁ;movqall m,odelﬂatam1§matcrmror§|n,,l,:|g

ﬁenason§1n...s;ase(b)...WIthout..qm;hropogenmmlsswnﬁrhe..rﬁsultmmprove. by,

! 25559’0 of

1A
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Ihess%.maps.or...ﬁﬁtlmate$re..i.n90rporateﬁ1|ntQ...th ?( |.matrl>s 'n.,.Eq
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In lw,lnterﬂxhqutlanqmodelmnnomway,ﬁgxplalngnougmgnablllty,,m pheﬁynthethgpns,ervatlons
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4 Results and discussion: comparisons with atmospheric data

4.1 Spatialf3ux-patterasglistribution of the [3uxes

5 agalnstme%haneCH4 data from the atmospherlc observatlon netw&ﬂeapptye*peﬁment
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The results of th|seatdatae*1eenmenmodelselectlorﬁ,naly&sare displayedin Tablb This g.

(@)

=

synthetic data experimemto- / g
a-spatialeenstant ,,the,,atmospherlc(:m ,networlgs ,most,sensﬁwetq,wetland CH,4 ”ﬁuxesm =)
those regionss q s
o
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The LPJ Bern and SDGVM models have several unlque spatial characteristics that c@u

explain these results. Over eastern Candaal PJ-Bernmodelconcentrateshelargestgnd
SPGVM goncentratghe |arge Ruxes |n the HBL. Other models, by contrast, often dlstrlbute

of the HBL. In western Canad#eLPJ-Bernand SBGVM-modelsdistributeRuxesbroadly
aeresdeethﬂertheﬁ,ﬁpGVM,,mstnbutes@uxesacrosmQrthernmporealSaskatchewan and Al-

ded uoissno

The LPJ-Bern and SDGVM models share another common characteristic: both model We
land area independently instead of relying solely on remote sensing inundation datsetsSt, PJ
ORCHIDEE, DLEM, and CLM4Me use remote sensing inundation datasetSHk®IS(3|EMS

(Global Inundation Extent from Multi-Satellites, Prigent et al., 2007) to constywe¢tand
map. Other models, like LPJ-BergndLPJ-WHyMe;-ardSBGVM-also use land cover maps

and/or land surveys to estimate Wetland (or at Iemﬁeane—predee’m@rea’:H4,,perucing)

1aded uoissnasig
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show substantial differences. Remote sensing datasets estimate relatively high levels og
undation in reglons of Canada that aren—fe%esteehot,jgrestedor have many small lakes

(@]
=
cl
©
=
o
QD
o
¢}
=

S|gn more wetlands anmethaneCH4 Ruxes in the HBL relative to other regions of eastern
Canada.

4.2 Flux magnitude

adegd uoissnasiqg

We next compare the magnitude of predicted concentrations using the WETCHIMP mo
against atmosphenc observatlcntmdlwdual l,gpatlons Unlike prewous sectlons that utlllzed >

Matesanadanthropnoocaenimemissionsrom

theEDGARaM%FI’&O}Gnvemer Th|s model estlmate consists of several c mponents
background (|n green) is the estlmameentratlemfrmethandgagkgrounq;;qncentratlorpf

ssn%!o

The estimated contribution of anthropogenic emissions from EDGAR v4. 2FT2010 is addeq}l
this background (in redNete-thatthe-estimatedscalingfactorsfor EDGAR(Seet23)are

Jad

atPaFkFaH&The contribution of wetland RBuxes from the WETCHIMP models is then addedE)
the previous inputs, and the sum of all components (blue lines) can be compared directly ag&ul
measured concentrations. o

The various WETCHIMP Bux estimates produce very different modeled concentrations atéﬂw
atmospheriobservation sites (Figt). Overall, modeled concentrations with the WETCHIMPS

Ruxes usually exceed theethandCH,4 measurements during summer. At Chibougamau, Fraseit
and Park Falls in early summer, all six WETCHIMP models prediethaneCH,4 concentra- @
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tions that equal or exceed the observations. The ORCHIDEE, LPJ-WHyMe, and LPJ-Bern nﬁn
els always exceed the measurements during summer while DLEM and SDGVM better matcrgtl
observations at these sités : vby . ound

laded uoiss

Meth&neCH4 models that overestlmate Buxes in North America do not always compe%-
sate with smaller Buxes elsewhere. For example, the ORCHIDEE model not only estlmal(
large Ruxes over North America but also estimates higher Buxes over the tropics than any Gtr
model (Melton et al., 2013). Hence, the disagreement in magnitude over North Amerlcag(
only ref3ects uncertainty in the global distribution of wetland uxes but also re3ects uncertain
in the global wetland budget.

4.3 Seasonal cycle

Bottom-upmethaneCH,4 Bux estimates show variabfeerfermanceshencomparedagainst
featureswher,\,ggmparecﬁq atmospherlc observatlons and mwperaldﬁmbuﬂeﬂseasonal

2] UoISSNISIC

estimates over CanadaOs HBL. Eastern Canada is one of the largest wetland regions mSI

America (Fig.1), andunlike-otherregions;the-observatiometworktherecandetectaclear

weﬂaﬂdsrgﬂakthfeugmﬂes%eﬁmeseaseﬁaeyelenearbmgmosphengagservathmltesseea
muchlargerCHa, gnhancemepffom yetlandgielativgto gtherregions(Fig. 34 and S4). o
wn

In this region, the bottom-up estimates diverge on the seasonal cycle of Buxes. Most estima
predict peak Buxes in July or August, though two variations of the LPJ model predict seasgh
peaks in September and Octol§&rL PJ-WHyMe and LPJ-Bern, respectivehpiserepaneies
e LY WHyMe,ls,,a,moduIemS|depf,,JmPJ Bern g ppssibleexplanatiorfor, thes;mlla §easonal }J’

uo
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seasons. For example, Buxes in June account for anywhere between 6%rad e annual

)
7

methaneCH,4 budget, depending upon the model. Fluxes in October account for between 1 ar

23% of the annual budget(,Flg ab).

from the HBL. The dlscrepan0|es among the WETCHIMP models often exceed #beb-
Ddence interval of the |nverS|on estlma,réte“WﬁTCHlM ,“eetlmateﬁarel,gften,,ggmparable

reglon b existing models alsen g e
predictgseasongtyclethatjs, nqrrowetthantheﬁeasonal|tympl|ed by@tmosphermpeervatlons

(Winderlich, 2012; Bohn et al., 2015).
Numerous possible explanatlons could undeHyrdlseFepam;mﬁerenceemmthe §easonal

months when air temperatures are near freezing but soils are still unfroze8359. Ac-
cording to estimates from the North American Regional Reanalysis (NARR) (Mesinger et
2006), surface soils in the HBL (0 aiem]0cm depth) begin to thaw in April and are largely =
unfrozenin May (Figs3S3). In the fall, surface soils @» cm depth) begin to freeze in Novem-

20
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ber, but deeper soilsi@emand40ent 0,and40cm) remain largely unfrozen until December.
Compared to the bottom-up models, the inversion estimate predidtieaseasonal window, a
result thatis-consistentvith-seil-freezefyould pe gonsistenfyith datesof deepsoil freezgand
thaw.

Jaded uo!ssnosm]

5 Conclusions

A recent model comparison study reveadethstantiatlifferencesn-existingyjide djfferences

amongsgeveralestimates of wetlandrethaneCH,4 Ruxes D differences at global to regional

scales. In the brst component of this study, we wee-inereasingstringentsyntheticdata
expeﬁmemseﬂﬂdeps{anéemsen&ﬂveamnthetlmatagxpenmem H,mderstanthethenhe
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c
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o
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D

B&Herﬂq;atecwetland[}uxesfrom the eastern US ia0-75%g smalleffractionof trials and  —

rarely from the western USFhe-netwerkean-also-detectspatialvariability-in-the-Canadian

)
weﬁandseweebuﬂaretym%he%&afeﬂandseweeThls anaIyS|s also accounts for dlstractlngg
o
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-
QD
o
D
)
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spheric data. We Pnd thatrly S

a%mespheﬁela{ameree#eewely%haﬂae%staﬂﬁhe;heLPJ Bern and SDGVM models have 3

spatial distributions that are most consistent with atmospheric observations, depending upoﬁ]
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region and season of interest. In addition, almosta@iitingmodels overestimate the magnltudeU
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Table 1. Spatial|3ux patterns chosen by the model selection frameywork

Region seasetfeason Medelschoserpveraconstanmodelname(sy;hosenmodels

E. Canada summer +of#LPJ-Bern 3PGVM
E. Canada fall Gef—?!]mﬁJ-Berrp
W. Canada summer 2ofP3-Berr,SDGVM
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Figure 1. Mean of the annual methane Ruxes estimated by the WETCHIMP m@détg and the range
of Buxes estimated by the ensemiig(b). Note that the range in estimates is larger than the mean. T
Ruxes shown above a i i theayverageiux perm? of [andgrea not per nt
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Data and regions used in the BIC experiments
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Figure 2. The US and Canadian atmospheric methane observation network for 2007D 2008 (btal Y
observations). Small yellow dots indicate observations from the START08 measurement campaign (P

et al., 2010). Larger dots indicate tower and aircraft sites with regular observations over the two ye:
period (Andrews et al., 2014). The grey background delineates the four regions used in the syntheticdi
experimentsgeefect 2.2).
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Figure 3. This bgure displays the results of the synthetic data experiments. These experiments exami

whether the observation network cggridentify-armethangatternfrom-getectaggregatavetlandCH,

Buxeswne{b)-identify- spatiatvariability in-the wetlandfiuxes The Pgure shows the percentage of trialsg
that are successful. Darker shades indicate that the network is more sensijjigdaod3uxes in the &
given region and seasqRanel(a) showsthe resultsfor,thestandargsetupyhile panels(p-e) showthe @
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This supplement provides more detail on the atmospheric observations, the wetland methane

S1 Atmospheric observation sites

Here we describe, in greater depth, the atmospheri -(CH,4 observations collected across

the US and Canada in 2007D2008. The observations used here atentical-to-the samgasthose
in Miller et al. (2013 and Miller et al. (2014b, and the discussion below summarizes the data
descriptions in those papers.

The methane(;H,, analysis in the main article uses either real or synthetic data at US and
Canadian observation sites P a total of 14703 observations. Of those measurements; @09 are
from observation towers in Canada. These towers (from east to west) include Chibougamau,
Quebec (CHM, 50N, 74 W, 30m above ground level); Fraserdale, Ontario (FSD, 50N, 83' W,
40m agl); East Trout Lake, Saskatchewan (ETL, 54N, 104 W, 105m agl); and Candle Lake,
Saskatchewan (CDL, 54N, 105 W, 30m agl, 2007 only). These sites, operated by Environment
Canada, measuremethane (CH4 continuously. In this study, as in Miller et al. (20140, we use
only afternoon averages of themethane (;H4 data and WRF-STILT model output (1pm - 7pm
local time); small scale heterogeneities in the continuous data caused by turbulent eddies and
incomplete mixing make it di! cult to model bner scale temporal patterns in the data. The
2,009 observations at these Canadian sites represent the total after averaging.

An additional 4;984 methane (CH4 observations were collected from US towers operated
by the National Oceanic and Atmospheric Administration (NOAA) and its partners. These
observations include daily Rask samples from a number of tower sites (weekly at Argyle and
Ponca City): Argyle, Maine (AMT, 45 'N, 69 'W, 107m above ground level (agl)); Erie,
Colorado (BAO, 40 'N, 105 W, 300m agl); Park Falls, Wisconsin (LEF, 46 N, 90' W, 244m
agl), MarthaOs Vineyard, Massachusetts (MVY, 41N, 71' W, 12m agl); Niwot Ridge and Niwot
Forest, Colorado (NWF, NWR, 40' N, 105 W, 2,3,23m agl); Ponca City, Oklahoma (SGP, 37N,
97 W, 60m agl); West Branch, lowa (WBI, 42' N, 93 W, 379m agl); Walnut Grove, California
(WGC, 38'N, 121' W, 91m agl), and Moody, Texas (WKT, 31'N, 97' W, 122, 457m ag|).
regular NOAA aircraft Rights and from the STARTO8 (Stratosphere-Troposphere Analyses of
Regional Transport 2008) measurement campaignRan et al., 2010. As in Miller et al. (2013,

collected during daytime hours.

We further screen the data for biomass burning inBuence at the Canadian sites and at Park
Falls, Wisconsin. At the these sites, we remove all days with CO that peaks above 200 ppb, as
was done inMiller et al. (20140h. When these sites see inBuence from distant anthropogenic
emissions, CO is often elevated, but it rarely exceeds 200 ppb except during time periods with
known bres Miller et al., 2008.

S2 WETCHIMP  methane—(CH 4 Bux models

This section of the supplement details the WETCHIMP methane (GH4, estimates from Melton
et al. (2013 and Wania et al. (2013. The sevenmethane (CH4 estimates used in this study are

b both in magnitude and in spatial distribution. For example, the SDGVM model places large
Buxes over the US Corn Belt relative to other regions while other models like Orchidee place
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large Ruxes in Northern Canada that extent far into the Northwest Territories. For a more
in-depth inter-comparison of these Bux estimates, refer taMelton et al. (2013 and Wania et al.
(2013.

S3 The-synthetic—data-Aggditional nformation pn the model selection

In the main article, we use synthetic methane-data—to—explere-the-sensitivity—of-atmespheric
ebsewaﬂens{eANeﬂanderees{seeHeﬂsQH%gata,,@nd ,a,,model@glectlonfmmework,,to Lxamine

Shlga et al. (20149, and
those studies.

The synthetic observations include contributions from anthropogenic sources, from wetlands,
and from simulated model and measurement errors:

nr

Zsynthetic = H(Santhro + Swetiand ) + ! (S1)

In this equation, Zsynmetic (N! 1) represents the synthetic observations generated for an ob-
servation site. The vector Sgniro (M ! 1) represents emissions from anthropogenic sources
and Syetang (M! 1) represents wetland RBuxes. The footprint or sensitivity matrix H (n! m),
generated from WRF-STILT, models the impact of these emissions at the observation sites.

In this study, we use the a priori anthropogenic emissions estimates froriller et al. (2013
and Miller et al. (2014 for santhro - Those studies used activity data from the EDGAR inven-
tory and a model selection framework to construct a prior anthropogenic emissions estimate.
These EDGAR activity datasets include economic or demographic data that may predict the
spatial distribution of methane.CH, emissions (e.g., human or ruminant population maps).

The wetland 3uxes Gyetiand) iN Eq. Slare taken from the WETCHIMP methane (;Hg, Bux
models (experlment two |n Melton et al. (2013) W&useem%feu#eﬁhe%eveMNHGHLMFL

pudget,@ﬁpmated,,by,,l?;gkﬁ,tt,,,hleaps et al (201]) ,,Mpllgg,,,gt aI (20140 ,,@nd,W@gm et al. (2014) .

As in Miller et al. (2013 and Mlller et al. (2014t) the emlssmns (samhro and Syetland ) are
regridded to a spatial resolution of L latitude by 1° longitude. The EDGAR activity data do
not have any seasonality, so the anthropogenic emissions{yiro ) are seasonally invariant. The
WETCHIMP models have a monthly temporal resolution, as in Melton et al. (2013. That
study provides RBux estimates for the years 1993-2004; we use the mean of these ten years for
all analysis in this study.

The bnal term in equation S1, ! (n! 1), represents simulated errors in the measurements,

in WRF-STILT, and in the Buxes ( Santhro @nd Swetiand )- The maghitude-and-spatial/temporal
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Figure S1: Annual mean wetlandmethane (jHy Buxes from seven dierent WETCHIMP esti-
mates (Melton et al., 2013 Wania et al., 2013. The RBuxes shown here are averaged over the
1993-2004 study period. Note that the Buxes shown above are averaged over the entire grid

cell, not per m? of wetlands.
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Fhe-errorsin-t-are distributed according to the covariance matrix! (n! n) (Eq. 1):

I " N(,!) (S2)
Il =HQH "+ R (S3)

The variances and covariances within fall into two di ! erent categories. The brst category
are errors due to imperfect emissions, described by covariance matr@ (m! m). In atmospheric
inversion studies, this matrix is typically termed the a priori covariance matrix. The diagonal
elements ofQ describe a set of variances b derences between the priojuxesand the unknown
true emissions over long spatial or temporal scales. The!ediagonal elements ofQ describe any
spatial and/or temporal covariances in these di erences. In Eq.S3 the footprint or sensitivity
matrix ( H) projects Q from units of (Rux)? into units of parts per billion squared, (ppb)?.

We refer to the second type of errors as model-data mismatch errors, denoted by covariance
matrix R (n! n). These include all errors in the WRF-STILT model or the measurements
that are unrelated to an imperfect Bux estimate. Examples of model-data mismatch errors
include measurement error, atmospheric transport error, or errors due to the spatial or temporal
resolution of WRF-STILT. Overthe United-States; we-

.Ihe..§y.ntheth..data..§|mulatlons..m thls .ﬁtudy..usevalueﬁon Aand, R...ﬁﬁtlmatedIn..Mnllﬁn...et al. (2013 and

IIIIthatlIIlarelIIrepresentatlvelIoflﬂwhatllllonQIllvlvouId||ll“kelyllllﬁncounter

methan&ebsewaﬁen&@nq R

hj:éaeInm'l'he”g!g_sdlltlng;;éﬁ_tlmatesﬁf' O over Canndathat werestimated i Millor ot al. (201

Rg,strlcted Mgmmum,,Implgehhooq,,(RML) gggmgpl,,gnq,,,ﬁmrlg,,mm,,mnan|d|s 1995 Mlchalak et al., 2004 Gourc

W ,,,usq”t_hesq!!ggyarlance[mgtrlces.pom!g;.gmpute' AweLne*H;‘h![ough!,!;ﬁeverqllﬁteps Jirst,  we
compute the Cholesky decomposition othe combined ggyariancematrix !
I = cc’ (S4)

The covariance matrix ! has units of (ppb)?, but its Cholesky decomposition (C) has units of

ppb;afactthat-will-becomeusefutin-the-next-step. With this decomposition in hand, we pext
simulate a set of errors,! (e.g., Fang et al., 2014 Shiga et al, 2014:

| = Cu (S5)
u " N(0,1) (S6)
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Figure S2: Total, summed footprint from the {a)-(a) Canadian and{b)-(bp) US observation net-
works. The observation sites incorporated into this Pgure are shown in Fig2. Each individual
footprint (associated with an individual atmospheric observation) has units of concentration
per unit Rux (ppb per gmol m' 2 ¢ 1), In this bgure, we sum all footprints for 200792008.

where u represents a set of randomly-generated numbers with a mean of zero and variance of
one.

We simulate 1000 synthetic datasets for each experiment to adequately sample the random
errors in e. We then use the model selection framework to bPnd the optimal candidate model for
each of these datasets. The results presented in Fig are therefore the composite of thousands
of model selection runs: one model selection run for each synthetic dataset. We use a branch
and bound algorithm from Yadav et al. (2013 to improve the computational efficiency of these
model selection runs. Furthermore, we estimate the cdé&cients (3) in Eq. 1 using Lagrange
multipliers to ensure that none of the estimated codficients have unrealistic negative values
(e.g., Miller et al., 20143.

,,In,,,the,,,real.,plata,@etup,,(ﬁect,,,,z 3), ,,yve,,run,,,,the,,,model,,ﬁe,lectlon procedure pnce for gach of

medels, In,...each model,.§electlon run,,, As a result, ..Lhe ..WETCHIMP ..,.models..dq...nOt...gompete

ﬁgalns‘tllpnellﬂno‘the llltOr llﬁﬁlleCtlon”II In Ilﬁach r“n7 Ilthe |m0de|||§€IeCtIOm|Ir@meworknpanm§eleqp the

In this section, we describe the overallfggtprint  or sensitivity of the observation network to

methane(;H, RBuxes. This sensitivity will play at least some role in networkOs ability tadentify-
Hgﬂﬂi%ﬁetl&ndsq,gtecp,,,wetland,,,pH4,",j’,$uxes The WRF-STILT model quantibes this

sensitivity in terms of a footprint. Each row the matrix H is the footprint associated with a
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Figure S3: This bgure displays the fraction of soil water that is unfrozen for the HBL in dl erent
seasons and at dierent soil depths. Estimates are taken from NARR (Mesinger et al, 2006.

di! erent atmosphericmethane-CH,4 observation. In Fig. S2 we plot these footprints, summed
over all of 2007D2008.

This bgure show several distinctive patterns. First, the US network has a higher sensitivity
than the Canadian network. This pattern is due to the larger number of observation sites
over the US. Second, the highest sensitivities are clustered in distinctive regions with multiple
observation sites B Wisconsin, Texas/Oklahoma, and California, among other regions.

S5 Soll freeze/thaw estimates from NARR

Figure S3 shows the soil freeze/thaw cycle at di erent depths averaged across the HBL. These
estimates are taken from North American Regional Reanalysis (NARR) Mesinger et al, 2006,
and the values shown in Fig. S3are average values for each month. The main article references
this Pgure in a discussion of themethane CH,4 Bux seasonal cycle (Sect4.3).

S6 Additional _model-data_time_series

bgure comparesaveraged concentrations modeled by WRF-STILT _against monthly-averaged
observationsat four di! erent observation sites. The sites displayed in that_Pgure are located

near large wetlands and in regions where the synthetic data experiments had a high success
and in regionsthat_had a low successate in the BIC experiments. At many of the sites in

in Fig. 4 which Osee@ relatively large CH, increment from wetlands.
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S7 Uncertainty in the model-data framework

A number of modeling and measurementuncertainties inRuencethe results presentedin this
aper. Theseuncertainties are discussedn detail by Miller et al. (2013 , Miller et al. (2014b ,
and Miller et al. (201439 . This section provides a summary of those discussions.

The model selectionframework in this study accountsfor modeling or measurementerrors
in the R covariancematrix (Eq. S3. This covariancematrix is typically included in a Bayesian

synthesisor geostatistical inverse model (e.g., Michalak et al., 2004 . The errors describedb

R are collectively referredto asmodel-data mismatch Dany errorsin the model-data framework
winds, errorsin the CH4 boundary condition, and any errors dueto the Pnite spatial or temporal
resolution of the model, among other possibleerror sources. This_section of the supplement
Prst discussesthe overall magnitude of these model-data mismatch errors and then discusses
procedure known as Restricted Maximum _Likelihood (RML) to estimate the parameters that

debneboth the R and Q covariancematrices (e.g., Corbeil and Searle 1976 Kitanidis, 1995 Michalak et al., 20

The estimated mismatch errors range in magnitude from 12-13 ppb (standard deviations) at
Canadian tower sitesto 20-30ppb at tower sites near oil and gasoperationsin the southern US
refer to Fig. S2in Miller et al. (2013 and Fig. S6in Miller et al. . This magnitude

12-30 ppb) is equivalent to 25D706 of the averageCH, signal from North American emissions
as seenat the various observation sites.

Thesemodel-datamismatch errors encompassiumeroussourcesof error, but theseerrorsare
likely dominated by uncertainties in atmospheric transport. Nehrkorn et al. (2010 generated
WRF meteorologyfor usein STILT and comparedthe estimated winds againstUs and Canadian
radiosondes. They computed a root mean squared error (RMSE) of 2.504m s' in_the
Hegarty et al. (2013 further coupledthe STILT model with severalweather modelsand found

Several existing _studies have shown consistent results between WRF-STILT _and other

transport estimated by WRF-STILT. For example, constraints on summertime US carbon
monoxide emissionsestimated with STILT and the GEOS-Chem model match to within 10%

Miller et al., 2008 Hudman et al., 2008 . CH, budgets estimated for the HBL in Canada

usingWRF-STILT and GEOS-Chemare similar to within 10% (Pickett-Heaps et al., 2011 Miller et al., 2014k V

within ! 10% (Miller et al., 2013 Turner et al., 2015 .

The CH,4 boundary condition is_another, potentially large source of uncertainty in the
CH4 modeling framework. To create this boundary condition, we interpolate atmospheric
CH, observationsnear or over the PaciPcand Arctic Oceansto create a boundary Ocurtain.O
This curtain estimates CH, concentrations over the Pacibc and Arctic; it varies by latitude,
altitude, and time (see Fig. S4 in Miller et al. (20148 ). We then sample concentrations
trajectory. _These sampled concentrations becomethe boundary condition B an estimate of

For example, Miller et al. (2013 compared the boundary condition estimate against aircraft
data collectedabove3000mover the United States. They found an averagedifferenceof 2.7 ppb
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between the aircraft observations and boundary condition estimate. Miller et al. (2013 then

The total CH, budget using the aircraft-corrected boundary condition was approximately 5%
effects of boundary condition uncertainties on a national-scale CHy budget estimate.
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Reply to reviewer #1

S. M. Miller, et. al.

We would like to thank the reviewer for suggestions and comments on the manuscript. The
reviewer’s detailed suggestions have been very helpful in improving the manuscript. Below,
we have included the reviewers comments (in bold) along with our reply and the associated
changes/updates to the manuscript.

1 Overall comments:

¥ Concerning the language, the authors frequently make use of question sen-
tences, often of rhetorical nature, which | personally bPnd quite annoying
within the context of a journal article. So | highly recommend rewriting
these passages. Particularly these question sentences are often unnecessarily
repeated throughout the paper.

We have revised this language accordingly.

¥ The structure is clear and concise, though at some sections slightly unbalanced
b in some cases (e.g. Section 2.1) you skip over many essential details and
refer to existing manuscripts, while in others (e.g. 2.2) you provide many
details where you could also have used citations instead.

We have added more detail to Section 2.1 on WRF-STILT and on the WETCHIMP model
comparison project. We have edited Section 2.2 to rely more heavily on the existing
literature.

¥ The authors claim in the conclusions section (p.9357, I1.3!) that bottom-up
and top-down modelers should do a better job in joining forces to arrive at
more solid estimates of methane emission budgets, a statement that | fully
support (even though | don®t think it belongs into a conclusion section in the
way it is presented here ..). At the same time, they work out various system-
atic dilerences between bottom-up and top-down products within the context
of this study, and attribute all the Oblame® to the bottom-up models, with-
out even starting to discuss shortcomings in the inverse modeling approach
which also lead to (well known) large uncertainties. Stated a bit provocative,
it sounds like the authorsO intention is to tell bottom-up modelers that they
need to do a much better job, and better ask the top-down crowd how to do
things right

The reviewer makes a reasonable point. Both bottom-up models and top-down, inverse
models have respective strengths and weaknesses/uncertainties; neither provides the final
word on greenhouse gas fluxes. We certainly do not want to ‘blame’ anyone or any previous
research effort, and we have revised the manuscript wording where possible to make this
point clearer. Both top-down and bottom-up modelers often express a desire to meld
efforts in a way that would leverage the respective strengths of each approach. This goal



is easier said than done. As the reviewer points out, this statement in the conclusions
section is likely too cursory or too provocative, and we have removed it. In the revised
manuscript, we not only suggest future improvements to bottom-up models but also to
top-down estimates.

Moreover, I was disappointed to find that the authors don’t really make an
effort to explain where such differences might stem from.

In the revised manuscript, we have augmented this discussion of OwhyO or OhowO in sections
4.1 b 4.3. Atmospheric data can often provide useful information on the magnitude, lo-
cation, or timing of Buxes, but it is usually much more dilcult to infer how or why these

Buxes occurred. In several instances, we can hypothesize why model-data di"erences oc-
cur. For example, existing bottom-up Bux estimates exhibit di"erent spatial distributions

over North America, and many of those di"erences appear to stem from the underlying
wetland distribution. In the paper, we discuss this di"erence in context of atmospheric

data; bottom-up models that are most consistent with the atmospheric data use wetland
distributions that are based, at least in part, on land cover mapping. We also discuss
discrepancies in seasonality and why these discrepancies may occur (Section 4.3).

However, a comprehensive interpretation of the observed differences as pre-
sented herein needs to include an extensive section that discusses the uncer-
tainties and potential biases that stem from the atmospheric inversion part of
the comparison.

We have added a section to the supplement that highlights the largest sources of uncer-
tainties in the top-down analysis conducted in the paper.

The analysis in this paper is based upon inversion frameworks developed Miller et al.
(2013, Miller et al. (2014b, and Miller et al. (20149. Those papers discuss, in detall,
the uncertainties and potential biases that stem from inverse modeling. For example,
Miller et al. (2013 explore uncertainties in the estimated methane boundary condition,
uncertainties in the estimated covariance matrix parameters (the parameters that debne
W), uncertainties due to atmospheric transport in WRF-STILT, uncertainties due to
geological CH, sources, and uncertainties in the attribution of CH, to individual sources.
Miller et al. (2014bH discuss uncertainties due to the nested meteorology domains in
WRF-STILT, uncertainties in the methane boundary condition, uncertainties due to the
sparsity of the CH, observation network, uncertainties in atmospheric transport estimated
by WRF-STILT, and uncertainties in the covariance matrix parameters. Finally, Miller
et al. (20143 discuss uncertainties in the Rux estimate due to the assumptions made by the
statistical modeling framework. In addition to these inverse modeling papersNehrkorn
et al. (2010 and Hegarty et al. (2013 also discuss atmospheric transport uncertainties in
the WRF-STILT modeling framework.

The uncertainties that were estimated/developed in those existing studies are used through-
out the current manuscript. For example, these uncertainties form the basis of theR and

Q covariance matrices which are an integral part of the model selection analysis (see Eq.
1 and Fig. 3). In addition, the inversion estimates in Fig. 5 of the revised manuscript are
shown in context of the conbdence interval estimated from the inversion. This conbdence
interval accounts for limited data coverage, transport model errors, the Pnite resolution
of the inverse model, and other error sources (as discussed Miller et al. (2014b).



2 Detailed comments:

e P.9345f, Section 2.1: As mentioned above, | think this is extremely short.
Even though the details might be given somewhere else, the reader needs
more information to understand what approaches you used in the context of
this study.

We have expanded this section to describe the data, atmospheric model, and WETCHIMP
methane models in greater detail.

e p.9346, 1.16f: You never explain and/or discuss how the low temporal reso-
lution (monthly) of emission Ruxes is actually coupled to your mixing ratio
observations, which probably have a temporal resolution of 1-3hrs (details
also not given in the text)? Do you assume R3at temporal trends in emission
rates over the course of one month, then a step change to the rates of the
next month? If so, you should add a sensitivity study how this low temporal
resolution in the bottom-up products alect your inversion results. DidnOt you
have access to bottom-up products with a higher temporal resolution?

We have claribed this point in the manuscript. We are limited by the temporal resolution
of the bottom-up products from the WETCHIMP study; those methane Bux simulations
have a monthly temporal resolution. With that said, observations during the brst ten
days of each month have footprints that extend into the previous month. As a result, the
model estimate at any given site is often based upon wetland RBux estimates from multiple
time periods. In this way, the WRF-STILT model estimate is not a step change from one
month to the next.

e p.9346f.: Section 2.1 is almost of equal length compared to 2.1, even though
also here you could refer many of the details to e.g. the Gourdji et al. ref-
erence. These are just minor details, but they make the paper appear unbal-
anced in parts.

We have expanded Section 2.1 to describe the data, atmospheric model, and WETCHIMP

Bux products in greater detail. Reviewer #2 asked a number of questions about the model

selection framework, so we have also expanded Section 2.2 to better explain the statistical
approach for a non-technical audience.

e p.9347!.: the strategy of the synthetic modeling setup needs to be rewritten
in some parts. Some details are only given in the last paragraph, which are
required earlier to understand the concept. For example, you only mention in
the past paragraph that the 16 combinations of regions/seasons are optimised
separately. Also, one thing that is not clear to me: in 1000 repeats diler-
ent combinations of turning the 16 options for regions/seasons are randomly
created. If each region/season gets an individual model bt through the BIC
approach, why do you need the repeats?

The reviewer makes an astute point here. We have re-arranged the information in Section
2.3 as the reviewer suggested.

The 1000 repeats are needed due to the random or stochastic nature of the synthetic
data simulations. We add random noise to the synthetic data to simulate the elect of

real-world modeling and measurement errors. We do not know the exact value of these
modeling or measurement errors. Instead, we have an estimate of the properties of these
errors (i.e., their variances and covariances), and we can simulate a plausible set of errors
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using these estimated properties and a random number generator. The results of the
model selection can vary slightly, depending on the particular random numbers that we
draw. Hence, we repeat the synthetic data experiments over and over again (1000 times
in total) and average the results across all 1000 repeats. This procedure ensures that the
model selection results are not the output of a single random number draw. We have
clarified this setup in the revised manuscript.

¥ p.9349, 11.25ff: Your assigned scaling factors for EDGAR emissions should be
discussed in more detail as sources of uncertainty in the simulated mixing
ratio time series! What about the influence of boundary layer height, which
is certainly shallower in winter, and might thus exaggerate the influence of
ground sources on mixing ratio changes in the atmosphere.

We do not scale the EDGAR emissions inventory in the revised manuscript. Many atmo-
spheric CH4 observation sites near wetlands are also located far from large anthropogenic
emissions. As a result, any effort to scale the EDGAR inventory at these sites could be
error-prone. Instead, we present the inventory as is.

Miller et al. (2013) and Miller et al. (2014b) explore in detail the possible influence of
boundary layer height. Miller et al. (2013), for example, found no significant seasonality in
their US CH4 emissions estimate (Fig. S8 in that paper). Seasonal bias in the estimated
boundary layer height could manifest as erroneous seasonality in the emissions estimate.
The absence of seasonality in estimated US emissions suggests an absence of bias in
estimated boundary layer heights.

¥ p.9350ff, Section 3, first part: I’'m lacking a summarising conclusion/discussion
here. To what extent does the ratio of natural to anthropogenic emissions in-
fluence the detectability of wetland fluxes? And to what extent is the network
configuration responsible?

We have expanded the first synthetic data study to explore these questions in greater
depth. For example, we explore how these results change if we set anthropogenic emissions
to zero. Similarly, we explore how these results change if we set atmospheric transport
errors to zero. These expanded results are summarized in Fig. 3 and section 3.

¥ p.9351f, Section 3, second part: since the patterns displayed in Figs. 3a
and 3b are virtually the same, the question arises whether you can truly
separate the 2 effects you are looking after. After all, it boils down to the
same question: What is the ratio of natural and anthropogenic emissions in
a certain region/season, and how well is the observation network designed to
capture these signals. I therefore strongly recommend to explain better if the
2 steps of virtual experiments truly provide different answers!

Part one of the synthetic data experiments asks a question of magnitude and part two
asks a question related to the spatial distribution fluxes. In particular, part one investi-
gates whether the observation network can detect any kind of atmospheric pattern from
wetlands. Part one asks a basic question about about the detectability of wetlands over
patterns from anthropogenic sources or from model errors. Part two investigates whether
it matters to the observation network where those fluxes are located. Part two is pre-
requisite for the real data experiments in section 4.1.

In many ways, it makes sense that the first and second synthetic data experiments pro-
duce similar results, but that result is not necessarily guaranteed. In regions with large
wetland fluxes, those fluxes often display high spatial variance. The first synthetic data



experiment often produces positive results when the wetland fluxes are large. The second
synthetic data experiment often produces positive results when the fluxes display high
spatial variance. Hence, the first and synthetic data experiments often produce similar
results. Furthermore, we show in the revised manuscript that these results are not neces-
sarily due to the ratio of natural and anthropogenic emissions (refer to Section 3 of the
revised manuscript).

Fang et al. (2014) validated and tested the model selection framework used in the second
synthetic experiment. That study used atmospheric observations and model selection to
differentiate among spatial patterns in CO flux estimates for North America. We have
elaborated on this discussion in the revised manuscript.

p-9351ff, Section 4.1: I think it is a very important finding that plausible
spatial patterns in CH4 emissions from bottom-up models are only based on
land cover maps, not on the remotely sensed inundation maps. Here, you
provide the only detailed recommendation to the bottom-up community how
their model estimates can be improved! So this definitely deserves a more
detailed discussion, and a more prominent place in the conclusions.

We have expanded this discussion in section 4.1 and have featured this result more promi-
nently in the conclusions.

p-93541ff, Section 4.2: these results basically indicate that none of the bottom-
up models is useful for North American regional simulations ... the sum-
mertime emissions seem to be extremely overestimated, so that the resulting
seasonal courses in modeled data are opposite of what the observations show.
This isn’t discussed at all ... 7?77 I think what definitely needs to be added
here is an uncertainty estimate of the background data set, and the scal-
ing factors of the EDGAR emissions. Given the substantial overestimates in
summertime emissions by virtually all models, it’s hard to imagine how these
models could be re-calibrated to match the observations, given that the other
modeling components are correct ...

We would hesitate to say that none of the bottom-up models is “useful” for North Ameri-
can regional simulations. We would argue that there is an opportunity to tune the seasonal
and spatial patterns in these bottom-up estimates. Similarly, the revised manuscript also
offers several suggestions for improving future top-down emissions studies.

We do not scale the EDGAR emissions inventory in the revised manuscript. We have
also added a discussion on boundary condition uncertainties to the supplement. This
discussion mirrors the boundary condition uncertainty analysis in Miller et al. (2013) and
Miller et al. (2014b).

p-9354, 1.12f: you need to provide an explanation why you restricted your
time series analysis to only a few sites, and why you chose those 4.

We chose those four sites because they are located near large wetlands and in regions
where the synthetic data experiments produced positive results; the wetland methane
signal is easier to distinguish at these sites relative to others. In the revised manuscript,
we have added plots of all remaining US and Canadian sites in the supplement (Fig. S4).

p-9355f, Section 4.3: I think it’s not enough to base the seasonality analy-
sis on relative flux contributions from each month alone. Since most of the
bottom-up models (as shown in Fig.4) have very high flux emissions rates in



summertime, it may well be that the shoulder season fluxes are matching the
inverse product quite well, while there are simply way off in the peak of the
warm season.

We have added a second panel to Fig. 5. That panel shows the absolute budget in Tg
CH,4 per month. The revised version of Fig. 5 therefore allows the viewer to compare
both the relative and absolute seasonal cycle in each model.

p-9356, 11.10ff: It’s a plausible explanation that air temperatures are signif-
icantly decoupled from the conditions in the soil (where CH4 is produced)
for fall, but not for spring ... even if you can show through NARR that soils
start thawing in April, this isn’t possible without air temperatures that are
appropriately high ...

Another possible explanation is that the temperature threshold for CH, production may

be too high in some existing models. Most models predict relatively small Buxes when
soils are cold but still above freezing. And most predict dramatically larger Ruxes in the
summer when both soil and air temperatures are at their peak. Our analysis suggests
that the shape of the seasonal cycle may be broader than that predicted by many models;
the relative dilerence between cool-season and warm-season Ruxes may not be as great as
predicted by many bottom-up estimates. This conclusion is supported by Bux measure-
ments taken across the North Slope of Alaska by Donatella Zona (University of She"eld).
Her paper is currently under review. We have added to this discussion in section 4.3 of
the revised manuscript.

p-9357, 11.3ff: As mentioned already above, this hasn’t been discussed earlier,
and I don’t think this is the proper place to start with this kind of agenda. 1
agree with the general statement, but if you want to place it in a publication
you need to be more constructive. Your results show that there are obvi-
ously still large discrepancies between the methane signal that is simulated
by WETCHIMP models, and the methane signal as seen from the atmospheric
observations. Still, you don’t offer any conclusions how information from at-
mospheric methods might be used to improve the bottom-up models ...

The reviewer makes a good suggestion here. We have removed this statement from the
conclusions.

p.9357, 2nd paragraph (11.8ff): I think this part of the conclusions needs
more details. You just list your basic findings, without even attempting to
interpret where these differences come from. Also, you seem to assume that
any atmospheric inverse modeling product (or the approach to link tower
observations to surface fluxes through atmospheric inverse modeling) can be
regarded as the ‘truth’, and all discrepancies with bottom-up products can be
attributed to shortcomings in the latter.

We have revised the wording of the article to make the top-down, atmospheric analysis
sound less absolute (relative to bottom-up modeling). We have also included more dis-
cussion in Sections 4.1-4.3 and in the Conclusions, discussion that emphasizes plausible
reasons for any discrepancies between the top-down analysis in the paper and existing
bottom-up estimates of wetland RBuxes.
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Reply to reviewer #2

S. M. Miller, et. al.

We would like to thank the reviewer for suggestions and comments on the manuscript. The

reviewerOs detailed suggestions have been very helpful in improving the manuscript. Below,
we have included the reviewers comments (in bold) along with our reply and the associated
changes/updates to the manuscript.

Summary

e In general, a new method of statistical analysis (BIC for CH4 wetland flux
model selection) needs to be tested fully to understand the abilities and lim-
itations to give confidence to the results.

The statistical methods and associated applications in this paper are by no means new.
Model selection based upon the BIC has been used widely across statistics and has been
used in numerous top-down studies of C@ and CH, to select a Rux model. Schwarz
(1979 originally developed the Bayesian Information Criterion (BIC), and BIC-based
model selection has subsequently been used widely in statistical modelingRémsey and
Schafer 2012. In more recent years, several studies have used BIC-based model selection
to explain patterns in eddy-covariance CG, Rux measurements Mueller et al., 201Q Yadav

et al., 2010. A number of atmospheric inverse modeling studies have also employed BIC-
based model selection to choose bottom-up models or environmental datasets for the prior
Bux estimate; these inverse modeling studies have applied BIC-based model selection to
both CO, (Gourdji et al., 2012 and CH4 (Miller et al., 2013 20149 Rux problems. In
addition to the aforementioned applications, BIC-based model selection has also been
used to investigate the detectability of atmospheric patterns from surface sourcesFHang

et al., 2014 Shiga et al, 2014 Fang and Michalak, 2015. The model selection methods
outlined in those three papers are identical to those used in the present manuscript.

In the revised manuscript, we have included more references to these sources to bolster
the methods outlined in Section 2.2.

Examine the uncertainties for each model components, such as sensitivity of
the methodology to transport errors, flux errors, background concentration
estimates, other assumptions/approximations and their interactions, as well
as the stability or robustness of the analysis. If a thorough analysis is not
done, at least a full discussion of the potential problems is needed to put the
preliminary results in the proper perspective.

The analysis in this paper is based upon several existing inverse modeling studies, studies
that use the same WRF-STILT model simulations, background concentration estimate,
covariance matrix parameters, etc. Miller etal., 2013 20143ab). Those studies discuss po-
tential modeling and measurement errors in great detail. For exampleMiller et al. (2013
explore uncertainties in the estimated methane boundary condition, uncertainties in the
estimated covariance matrix parameters (the parameters that debna), uncertainties due



to atmospheric transport in WRF-STILT, uncertainties due to geological CH, sources,
and uncertainties in the attribution of CH 4 to individual sources. Miller et al. (20143 dis-
cuss uncertainties due to the nested meteorology domains in WRF-STILT, uncertainties
in the methane boundary condition, uncertainties due to the sparsity of the CH, obser-
vation network, uncertainties in atmospheric transport estimated by WRF-STILT, and
uncertainties in the covariance matrix parameters. Finally, Miller et al. (2014b discuss
uncertainties in the Bux estimate due to the assumptions made by the statistical modeling
framework.

We have added a new section to the supplement (S7) that summarizes and highlights the
discussion in these previous papers.

2 General comments

e In Section 3: 4 of the 7 models were selected from WETCHIMP for the syn-
thetic data experiment to evaluate the BIC method. Presumably the authors
expected (without sufficient reasons) the 3 remaining models to be ‘unaccept-
able’, including LPJ-Bern. Yet BIC results in section 4.1 indicate LPJ-Bern
is selected most often when using real observations, bringing into question the
value and correctness of this BIC method (in its current form). This suggests
the rejection of LPJ-Bern could be a problematic assumption in section 3
and/or the BIC methodology is not working. Possibly other assumptions and
approximations (such as uncertainty estimates, model transport errors, etc.)
are incorrect, the whole new method needs to be evaluated much more thor-
oughly as noted above. In general, much stronger justifications are needed
for model selection. The BIC analysis should be done for all WETCHIMP
models in the synthetic data experiment. If the range of flux model variations
is too large, then what is the range of applicability for the BIC method?

We have revised the manuscript to include all seven WETCHIMP models in the synthetic
data experiment.

In the original manuscript, we did not include three models in the synthetic experiments
because those models had an anomalously large magnitude relative to the other model
estimates. The larger the wetland Bux, the more likely that the observation network can
detect a methane pattern from wetlands. Therefore, if we conduct the synthetic data
experiment using a Bux model that has an anomalously large magnitude (see Fig. 4), we
would concomitantly obtain anomalously optimistic results. Thus, we had not included
these three models in the synthetic data experiments to avoid biasing the experiment
results.

The analysis in Section 4.1 examines a completely dilerent question, one that is inde-
pendent of the Rux modelOs magnitude. Rather, that experiment examines which models
have spatial distributions that are consistent with the data. That analysis disentangles
the spatial distribution of the RBuxes from other confounding questions of magnitude or
seasonality. Unlike the brst synthetic data experiment, the analysis in Section 4.1 is
insensitive to the magnitude of the Bux models.

We have claribed the experimental design in sections 2.3 B 2.4 to prevent any confusion.
In the revised manuscript, we have also included all seven WETCHIMP models in the
synthetic data experiments. We have scaled the magnitude of those models to match
Pickett-Heaps et al. (2011, Miller et al. (20149, and Wecht et al. (2014); this step ensures



that the BIC results in Section 3 will not be biased by anomalously large WETCHIMP
Bux models, as explained above.

The authors stated ‘By contrast, the observation network is largely insensitive
to spatial variability in wetland fluxes across the US; in most instances, the
model selection framework favors a spatially-constant model over a wetland
model for the two US regions.” (page 9352, lines 9-12). Was ‘a spatially-
constant model’ included in the work and the BIC model ‘favors’ or selected
it over the other models? The comparison to ‘a spatially-constant model’
in general needs to be explained and documented more clearly. If the BIC
method actually selects the ‘spatially-constant model’ (a clearly wrong model),
maybe this is an indication of the lack of ability of the method.

We have added additional explanation to the manuscript to clarify this concept. The
Ospatially-constant modelO is analogous to an intercept term in a regression. It is standard
practice to include an intercept in regression modeling; this intercept is always included
in the model, irrespective of the availability or suitability of other explanatory variables.

In spatial statistics, that intercept term is a spatial constant, hence the phrase Ospatially-
constant model.O

The BIC-based model selection framework examines every possible combination of ex-
planatory variables. The BIC-based framework will then score each combination of ex-
planatory variables based upon how well each bts the observations and based upon the
number of variables in each combination; combinations with a large number of variables
receive a larger penalty (Eq. 1). Each candidate combination always includes an intercept
term. It is plausible that none of the variables explain substantial variability in the obser-
vations. In such case, the best-scoring model may be one that only includes an intercept
(the most basic possible model). The intercept term is almost certainly not the OtrueO,
correct model; the intercept does not represent the unknown methane Rux processes that
occur within soils. Similarly, the intercept almost never explains all variability in the ob-
servations. Rather, the model selection framework may choose the intercept-only model
if other candidate variables have limited ability to explain the atmospheric data.

A hypothetical example helps illustrate this concept. In theory, we could use model
selection to explore whether observations at the LEF tower in Wisconsin can detect a
methane pattern from wetland Buxes in Siberia. We could examine this question using a
synthetic data experiment like the Prst experiment in Section 2.3. Any variability in the
observations at LEF would be unrelated to methane Ruxes in Siberia. Therefore, a model
selection framework would not choose a Siberian Bux model as an explanatory variable.
That result is not necessarily a judgement on the accuracy of the Siberian Bux model.
Similarly, that result does not indicate that the intercept is a Operfect model.O Rather,
that result simply indicates that methane observations at LEF cannot be explained by
Buxes in Siberia.

In addition, it is important to note that BIC-based analysis in sections 3 and 4.1 address
dilerent questions, and we do not expect any one model to be selected by the model
selection framework in all cases. The Prst synthetic data experiment explores whether
the atmospheric observation network can detect an atmospheric pattern from wetland
sources. The second experiment asks a more detailed question B whether the network is
sensitive to the location of wetland RBuxes. The network could select both the intercept
and a wetland model in the brst experiment but may only select the intercept (no wetland
model) in the second experiment. In that case, the network can detect an atmospheric



CH4 pattern from wetlands but cannot pinpoint the geographic origin of that atmospheric
pattern.

For additional discussion, refer to Shiga et al. (2014); the authors used model selection
to explore the detectability of anthropogenic CO» fluxes across North America. Our
experimental design parallels that study.

¥ The 3 subsections, 4.1, 4.2, 4.3 seem to be unrelated and somewhat conflict
with each other. Sections 4.2 and 4.3 did not make use of the information from
4.1 that LPJ-Bern and SDGVM performed best in the BIC analysis. In fact,
the best model from 4.1, LPJ-Bern performed poorly in the flux magnitude
and seasonal maximum comparison in section 4.2. There is no explanation
on this discrepancy. This could be an indication of the problem in the BIC
analysis in selecting a poorly performing flux model.

Subsections 4.1, 4.2, and 4.3 analyze the spatial distribution, magnitude, and seasonality
of each WETCHIMP model, respectively. Those sections examine each of these qualities
individually; each section should be unrelated to the others. A model that best matches
the magnitude of the observations will not necessarily have a spatial distribution that
best matches the observations (and vice versa). Similarly, a model that best matches the
magnitude of the observations at annual scale will not necessarily have a seasonality that
best matches the observations (and vice versa). For example, the spatial distribution of
LPJ-Bern compares favorably against the data, but its magnitude must be scaled down-
ward to match the observations. This result is neither a discrepancy in the methodology
nor a problem in the model selection framework.

¥ Section 4.3 is a comparison of all 7 flux models to the results of another in-
version model, Miller et al. 2014. Since inversion model results are highly
uncertain, this simple model to model type comparison has little useful in-
formation unless the authors can show independently that the Miller et al.
2014 results are good and can serve as a benchmark for comparison. At the
minimum, the WETCHIMP fluxes should be compared to a variety of in-
version model results to see the uncertainty possible for the inversion model
results. The authors should note in the manuscript that section 4.3 is only a
comparison of models, which is different than comparison to ‘available data’
(page 9345, lines 6-9, see above).

We disagree with the premise that an observation-based estimate like this one provides
‘little useful information.” Fig. 5 displays the uncertainties in the inverse modeling esti-
mate. Refer to the supplement and Miller et al. (2014a) for a more detailed discussion of
the uncertainties.

There are few regional-scale inversions that estimate the seasonal cycle of wetland fluxes
from the HBL using in situ or satellite methane observations. Miller et al. (2014a) is the
only study that we are aware of. Three other top-down methane studies, Pickett-Heaps
et al. (2011), Wecht et al. (2014), and Turner et al. (2015), examine methane fluxes from
the HBL. However, those studies use the seasonality from a bottom-up model and do
not estimate the seasonal cycle independently using atmospheric or satellite data. For
reference, Melton et al. (2013) provides a list of existing methane inversion studies that
are relevant to wetland fluxes.



3 Specibc comments

e Page 9345, line 1: ‘biogeochemical models leveraged all available data’, what
is this vague ‘all available data’ referring to?

We have modified this line to be more specific.

e Page 9346: ”background” concentration — the methane concentration of air
entering the North American regional domain? Do all STILT particles always
leave the North American regional domain during the model simulations?
Provide more information on the estimation of the background concentra-
tion and the whole model settings to enable other scientists to check and/or
compare results.

Refer to bullet point #2 above and to the reply to Reviewer #1. Both discuss modeling
uncertainties, including uncertainties in the estimated background concentrations.
e Page 9346, lines 21-24: repeating lines 23-27 on page 9344.

We have condensed the text to remove this repetition.

e Page 9347, line 7: change ‘first term in Eq. (1)’ to ‘first two terms in Eq. (1)’.
We have updated the text accordingly.

e Page 9348, line 29: ‘We also include a spatial constant or intercept term in
X’. What is the physical or numerical significance of the ‘spatial constant or
intercept term’. How do the results compared with or without the ‘spatial
constant or intercept term’?

Refer to the earlier discussion on the intercept for an explanation of this point.

e Page 9353, line 26: change ‘GEIMS’ to ‘GIEMS’.
We have changed the text accordingly.

e Page 9354, lines 16-20: ‘The estimated contribution of anthropogenic emis-
sions from EDGAR v4.2FT2010 is added to this background (in red). Note
that the estimated scaling factors for EDGAR (Sect. 2.4) are 1.7+£0.3 at Chi-
bougamau, 5.6+0.5 at East Trout Lake, 2.44+0.3 at Fraserdale, and 2.5+0.3
at Park Falls.” Explain the meaning of the different scaling factors and how
realistic are they (up to 5.6x)? What are the spatial regions these scaling
factors are applied to?

In the revised manuscript, we do not scale the EDGAR inventory. Many atmospheric CHy4
observation sites near wetlands are also located far from large anthropogenic emissions.
As a result, any effort to scale the EDGAR inventory at these sites could be error-prone.
Instead, we present the inventory as is.

e Page 9364: left figure contains wrong information ‘Observation site (Fig. 4)’.
Units in the right figure conflicts with caption.

The figure should be correct as is.

e Page 9368: Label each curve in Fig. 5 as in Fig. 4.
We have updated the figure accordingly.



4 Supplement

e Page 2, lines 56-57: ‘In this equation, zsynthetic (n x 1) represents the syn-
thetic observations generated for an observation site’. What is the number of
sites (k) and does n vary for each of the k sites?

We have added more detail to the supplement on the observation sites.

The study includes 15 total tower-based observation sites and 17 regular aircraft-based
observation sites. Refer to Miller et al. (2013), Miller et al. (2014a), or the NOAA
program websites (http://www.esrl.noaa.gov/gmd/ccgg/insitu/, http://www.esrl.
noaa.gov/gmd/ccgg/aircraft/) for more detail individual observation sites. The ob-
servations at each tower site are either daily flasks (most US sites) or daily averages of
continuous data (Canadian sites). A few sites, including the tower sites in Oklahoma
and in Maine only have weekly flask measurements. The frequency of the regular aircraft
observations varies depending upon the site (see http://www.esrl.noaa.gov/gmd/ccgg/
aircraft/).

e Page 2, lines 71-72: ‘The other WETCHIMP models, in contrast, predict
much higher fluxes (Fig. 4)’. Fig. 4 only showed concentrations or mole
fractions, change ‘much higher fluxes’ to ‘much higher concentrations’.

We have changed the text accordingly.

e Page 2, 80-82: ‘The magnitude and spatial/temporal structure of these errors
were estimated in Miller et al. (2013) for the US and Miller et al. (2014b) for
Canada.” The referenced works were for different prior fluxes. Authors need
to show why new error estimates are not needed.

There are two covariance matrices used in the paper (Fig. S3). The first matrix, R de-
scribes model-data mismatch errors — errors in the measurements, atmospheric transport,
and errors due to the finite spatial or temporal resolution of WRF-STILT. These errors
should be invariant to the choice of prior model.

The second matrix, Q, describes the residuals between the true fluxes (denoted S) and
prior model estimate (X! ). The diagonal terms quantify the variance of these residuals
and the off-diagonal terms quantify the spatial and temporal covariances in these residuals.
The variances and covariances in Q can change depending upon the choice of prior model.

In the synthetic data studies, we construct a statistical model that is representative of
a prototypical real data inverse model. Similarly, we want to use values for Q and R
that are representative of what one would likely encounter in a real-data setup. Miller
et al. (2013) and Miller et al. (2014a) constructed real data inverse models over the US
and Canada, respectively. Those studies used a model selection framework to find prior
models that show optimal fit against available observations. In each study, the authors
then estimated the elements of Q and R using that prior model. The resulting estimates
of Q are representative of prior models that shows optimal agreement with atmospheric
observations. We use these values of Q and R in the synthetic data studies. We also use
these prototypical variances and covariances to generate random errors in the synthetic
data (see Section 2.3).

We have revised the treatment of the covariance matrix parameters in the real data exper-
iments (Section 2.4). Previously, we had used covariance matrix parameters from Miller
et al. (2013) and Miller et al. (2014a) in these experiments. In the revised manuscript,
we re-estimate the covariance matrix parameters for each prior model. We estimate these
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parameters using Restricted Maximum Likelihood (RML) (Corbeil and Searle, 1976; Ki-
tanidis, 1995; Michalak et al., 2004; Gourdji et al., 2012), the same procedure used in
Miller et al. (2013) and Miller et al. (2014a).

We have added an explanation of these concepts in the supplement.

¥ Page 3: Correct the difference in units in the Figure and caption.

The figure should be correct as is. We could not find any difference or discrepancy in the
units.
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