
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 methane(CH4)
!
ßuxes from North American wetlands vary widely in both

magnitude and distribution. In light of these disagreements, this study uses atmosphericmethane
CH4 observations from the US and Canada to analyze seven different bottom-up, wetland
methaneCH4 estimates reported in a recent model comparison project. We Þrst use synthetic5

data to explorehowwell atmosphericobservationscanconstrainwetlandßuxes
!!!!!!!
whether

!!!!!!!
wetland

CH4 !!!!!
ßuxes

!!!
are

!!!!!!!!!!
detectable

!!
at

!!!!!!!!!!!!
atmospheric

!!!!!!!!!!
observation

!!!!!
sites. We Þnd thatobservationsitescan

identify an atmosphericpatternfrom Canadianwetlandsbut not reliably from US wetlands.
The network can also identify the spatialdistribution of ßuxesin Canadaat multi-province
spatialscales.

!!!
the

!!!!!!!!!!
observation

!!!!!!!!
network

!!!!
can

!!!!!!
detect

!!!!!!!!!
aggregate

!!!!!!!!
wetland

!!!!!!
ßuxes

!!!!!
from

!!!!
both

!!!!!!!
eastern10

!!!
and

!!!!!!!!
western

!!!!!!!
Canada

!!!
but

!!!!!!!!!
generally

!!!
not

!!!!!
from

!!!
the

!!!!
US.

!
Based upon these results, we then use real

data toevaluate
!!!!!!
analyze

!
the magnitude,temporaldistribution

!!!!!!!!!!
seasonality, and spatial distribu-

tion of each model estimate.Mostmodelsoverestimatethemagnitudeof ßuxesacrossCanada.
Most

!!!
The

!!!!!!!!!!
magnitude

!!
of

!!!!!!!!!
Canadian

!!!!!!
ßuxes

!!
in

!!!!!
many

!!!!!!!
models

!!
is

!!!!!!
larger

!!!!
than

!!!!!!!!
indicated

!!!
by

!!!!!!!!!!!
atmospheric

!!!!!!!!!!!!
observations.

!!!!!
Many

!!!!!!!
models

!
predict a seasonality that istoo narrow,potentially

!!!!!!!!
narrower

!!!!
than15

!!!!!!!
implied

!!
by

!!!!!!!!!!!!
atmosphericCH4 !!!!

data,
!!!!!!!!
possiblyindicating an over-sensitivity to air or soil tempera-

tures.In addition,the
!!!
The

!
LPJ-Bern and SDGVM models have aspatial

!!!!!!!!!!
geographicdistribution

that is most consistent with atmospheric observations, depending upon theseasonandregion
. Unlike mostmodels, LPJ-BernandSDGVM

!!!!!
region

!!!!
and

!!!!!!!
season.

!!!!!!
These

!!!!!!!
models

!
utilize land

cover maps, not just remotesensinginundationdata,
!!
or

!!!!!!!!
dynamic

!!!!!!!!!
modelingto estimate wetland20

coverage. A ßux modelwith a constantspatialdistributionoutperformsall otherexistingßux
estimatesacrossCanada.

!!!!!
while

!!!!!
most

!!!!!
other

!!!!!!!
models

!!!!
rely

!!!!!!!!
primarily

!!!
on

!!!!!!!
remote

!!!!!!!
sensing

!!!!!!!!!!
inundation

!!!!!
data.

1 Introduction

MethaneCH4 ßuxes from wetlands play a
!
critical role in global climate change.MethaneCH425

is the second-most important long-lived greenhouse gas;
!
,
!!!!
andthe radiative forcing of the cur-

2
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rent atmospheric burden is approximately 26% of carbon dioxide
!!!!!!!!!!!!!
(Butler, 2014). Wetlands are

possibly the largest single source of this gas to the atmosphere and account for roughly 30% of
global emissions (Ciais et al., 2013).

Despite the important role of wetlandmethaneCH4 ßuxes in climate change, existing esti-
mates of this source disagreemarkedlyon the magnitude, seasonality, and spatial distribution of5

ßuxes, from regional to global scales. In fact, a
!
recent global model comparison project named

WETCHIMP (Wetland and WetlandCH4 CH4 Inter-comparison of Models Project) found large
discrepanciesamongexistingmethanewetlandmodels(Fig. 1, Melton et al., 2013; Wania et al., 2013)

!!!!!!!!!
differences

!!!!!!
among

!!!!!!!!
existingCH4 !!!!!!!

wetland
!!!!!!!
models

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
(Fig. 1, Melton et al., 2013; Wania et al., 2013). For ex-

ample, existing estimates of maximum global wetland coverage differ by over afactor of 610

Ð from4.1 ! 106 to 26.9 ! 106 km2
!!!!!!!!
4.1 ! 106

!!
to

!!!!!!!!!!!
26.9! 106 km2 . Furthermore, estimates of

global natural wetland ßuxes range from 92Ð264Tg CH4 yr! 1 Tg CH4 yr! 1. The relative mag-
nitude of these uncertainties increases at sub-global spatial scales. As acase in point,methane
CH4 estimates for CanadaÕs Hudson Bay Lowlands (HBL) range from 0.2 to 11.3Tg CH4

yr! 1 Tg CH4 yr! 1. These disagreements in currentmethaneCH4 estimates do not bode well15

for scientistsÕ abilities to accurately predict future changes in wetland ßuxes due to climate
change (Melton et al., 2013).

A
!
number of studies have used chamber measurements ofmethaneCH4 to parameterize

or evaluate biogeochemicalmethaneCH4 models (e.g., Livingston and Hutchinson, 2009).
However,these

!!!!!
Thesemeasurements usually encompass ßuxes from averysmallspatialscale

!!!!!!!!
relatively20

!!!!!
small

!!!!
area, and ßuxes canvarybyanorderof magnitudeoveronemeteror less(Waddington and Roulet, 1996; Hendriks et al., 2010) .

Methane
!!!!!
often

!!!!
vary

!!!!!!
greatly

!!!!!
with

!!!!!!!!!
landscape

!!!!!!!!!!!!
heterogeneity

!!
at

!!!!!
these

!!!!!!
spatial

!!!!!!
scales

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
(Waddington and Roulet, 1996; Hendriks et al., 2010) .

CH4 data collected in the atmosphere, by contrast,sees the cumulative effect ofmethaneCH4

ßuxes across amuchbroaderregion(e.g., Kort et al., 2008; Pickett-Heaps et al., 2011; Miller et al., 2014)
!!!!!!!
broader

!!!!!!
region

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
(e.g., Winderlich et al., 2010; Pickett-Heaps et al., 2011; Miller et al., 2014). Hence, at-25

mospheric data can providean important
!
a
!!!!!!!
unique

!
tool for evaluating existingmethaneCH4

ßux estimates across different countries or continents.
The present study compares the WETCHIMPmethaneCH4 ßux estimates against atmo-

sphericmethaneCH4 data from 2007Ð2008 through two sets of analyses. First, we construct

3
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progressivelydemanding
!
a

!!!!
set

!!
of

!
synthetic data experiments toexplorehow well available

datacan constrainwetlandßuxes.Can the atmosphericdataidentify methanepatternsfrom
wetlandsoverdistractingpatternsin the atmosphere?Thesepatternsinclude methanefrom
anthropogenicsourcesor randomnoisedueto modelandmeasurementerrors.If yes,canthe
observationsitesdetectspatialvariability in thewetlandßuxes?Weseekto understandwhether5

large uncertaintiesin wetlandmethaneestimatespoint to a paucity of methanedataÐ data
capableof calibratingor evaluatingthemodels.In thealternative,perhapsthesedisagreements
wouldbemuchsmallerif existingbiogeochemicalmodelsleveragedall availabledata.

!!!!!!!!!
understand

!!!!!!!
whether

!!!
the

!!!!!!!!!!!!
atmosphericCH4 !!!!!!!!!!

observation
!!!!!!!!
network

!!!!
can

!!!!!!
detect

!
CH4 !!!!!!

ßuxes
!!!!!
from

!!!!!!!!!
wetlands.

!!!
We

!!!!
also

!!!!!!!
explore

!!!
the

!!!!!!!
factors

!!!!
that

!!!!!!
might

!!!!!!!
prevent

!!!
the

!!!!!!!!
network

!!!!!
from

!!!!!!!!!
detecting

!!!!!!!
wetland

!!!!!!!
ßuxes.To an-10

swer these questions, we utilize amodelingapproach
!!!!!
model

!!!!!!!!
selection

!!!!!!!!!!
procedurebased upon the

Bayesian Information Criterion (BIC), describedin greaterdetailin Sect.??(Shiga et al., 2014; Fang et al., 2014; Fang and Michalak, 2015) .

Basedonthe
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
(Sect. 2.2 Shiga et al., 2014; Fang et al., 2014; Fang and Michalak, 2015) .

!!!!
This

!!!!!!!!!
procedure

!!!!!!!!!!
determines

!!!!!!!!
whether

!!!!!!!
wetland

!!!!!!
ßuxes

!!!!!
from

!!!!!!!!
different

!!!!!!!
regions

!!!
and

!!!!!!!!
seasons

!!!
are

!!!!!!!!!
necessary15

!!
to

!!!!!!!!
describe

!!!!!!!!!
variability

!!
in

!!!!!!!!!
synthetic

!!!!!!!!!!!
atmosphericCH4 !!!!!!!!!!!!

observations.
!!!!!!
Based

!!
on

!!!!!
these

!
synthetic ex-

periments, we conduct asecond set of analyses using real atmospheric data. We use this data
to evaluate

!!!!!!!
analyzethe magnitude, seasonal cycle, and spatial distribution of each WETCHIMP

methaneestimate.Of thesevenavailablemodels,which havea magnitude,seasonalcycle,or
spatialdistributionthat is mostconsistentwith theavailabledata?We investigatethis question20

over theUnitedStatesCH4 !!!!!!!!
estimate.

!!!!
We

!!!!!!!!!!
investigate

!!!!!
these

!!!!!!!!!
questions

!!!!
over

!!!!
the

!!!
US

!
and Canada

usingmethaneCH4 data collected from towers and regular aircraft ßights operated by NOAA
and its partners and from towers operated by Environment Canada.

2 Methods

This section Þrst describes the atmosphericmethaneCH4 data and the atmospheric model that25

allows direct comparison between the data and various ßux estimates. Subsequent sections de-

4
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scribehowweusethesetoolsto constructboth the synthetic and real data experiments outlined
in the introduction (Sect. 1).

2.1 Data and atmospheric model

The present study utilizes atmosphericmethaneobservationsatEnvironmentCanadaandNOAA
observationsitesCH4 !!!!!!!!!!!

observations
!!!!
from

!!!!!!!
aircraft

!!!!
and

!!!!!
tower

!!!!!!!!!
platforms

!!!!!!
across

!!!
the

!!!
US

!!!!
and

!!!!!!!
Canada,5

!
a

!!!!!
total

!!
of

!!!
14

!!!
703

!!!!!!!!!!!!
observations

!!!!!
from

!!!!!!!!!!!
2007Ð2008.

!!!!!!
These

!!!!!!!!!!!
observation

!!!!!
sites

!!!!!!!
include

!!!!
four

!!!!!!!
towers

!!!!!!!!
operated

!!
by

!!!!!!!!!!!!
Environment

!!!!!!!!
Canada,

!!!
and

!!!
10

!!!!!!
towers

!!!
in

!!!
the

!!!
US

!!!!!!!!
operated

!!!
by

!!!!!!!
NOAA

!!!
and

!!!
its

!!!!!!!!
partners.

!!!!!!!!!!!!
Observations

!
at

!!!!
the

!!!!!!
NOAA

!!!!!!
towers

!!!!!!!
consist

!!
of

!!!!!
daily

!!!!!
ßasks

!!!!!!!!!!!!
(occasionally

!!!!!!!!!
weekly),

!!!
and

!!!!!!!!!!!!
observations

!!
at

!!!
the

!!!!!!!!!!!!
Environment

!!!!!!!
Canada

!!!!!
sites

!!!
are

!!!!!!!!!!
continuous

!!!!!!!!!!!!!!
measurements.

!!!
As

!!
in

!!!!!!!!!!!!!!!!!!!
Miller et al. (2014) ,

!!!
we

!!!
use

!!!!!!!!!
afternoon

!!!!!!!!
averages

!!
of

!!!!
this

!!!!!!!!!!
continuous

!!!!
data.

!!
In

!!!!!!!!
addition

!!
to

!!!!!
these

!!!!!!!
towers,

!!!
we

!!!!!!
utilize

!!!!!!!!!!!
observations10

!!!!
from

!!!
17

!!!!!!!
regular

!!!!!!!
NOAA

!!!!!!!
aircraft

!!!!!!!!!!!
monitoring

!!!!!!!!!
locations

!!
in

!!!!
the

!!!
US

!!!!
and

!!!!!!!!
Canada

!
(Fig.

!
2). These

includeregularmeasurementsfrom towerandaircraftplatforms,a total of 14,703observations
from2007-2008.The

!!!
We

!!!!!!!!!!
incorporate

!!!!!!!
aircraft

!!!!
data

!!!
up

!!
to

!!!!!!
2500m

!!!!!!!
altitude

!!
as

!!!!
was

!!!!!
done

!!
in

!!!!!!!!!!!!!!!!!!
Miller et al. (2013) .

!!!!!!!!!!!!
Observations

!!!!!
above

!!!!
that

!!!!!!
height

!!!!
are

!!!!!!!
usually

!!!!!!!!!!!!!
representative

!!
of

!!!!
the

!!!!
free

!!!!!!!!!!!
troposphere

!!!!
with

!!!!!!!
limited

!!!!!!!!!
sensitivity

!!
to

!!!!!!!
surface

!!!!!!!
ßuxes.

!!!!
The

!!!!!
tower

!!!!
and

!!!!!!!
aircraft

!
observations used here areidenticalto

!!!
the15

!!!!!
same

!!
asthose in Miller et al. (2013) and Miller et al. (2014).

We then employ an atmospheric transport model to relatemethaneCH4 ßuxes at the EarthÕs
surface to atmospheric concentrations at the observation sites. The modeling approach here
combines the Weather Research and Forecasting (WRF) meteorological model and a

!
particle-

following model known as STILT, the Stochastic Time-Inverted Lagrangian Transport model20

(e.g., Lin et al., 2003; Nehrkorn et al., 2010; Hegarty et al., 2013). WRF-STILT generates a
!
set

of footprints; these footprints quantitatively estimate the sensitivity of each observation to ßuxes
at each surface location (with units of ppb per unit surface ßux). We multiply the footprints by
a

!
ßux model and add this product to an estimate of theÔbackgroundÕ

!!!!!!!!!!!!
ÒbackgroundÓ

!
concen-

tration Ð themethaneCH4 concentration of air entering the North American regional domain.25

!!!
We

!!!!!!!!
estimate

!!!!
this

!!!!!!!!!!!
background

!!!!!!!!!!!!
concentration

!!!!!
using

!
CH4 !!!!!!!!!!!

observations
!!!!!!!!
collected

!!!!!
near

!!
or

!!!!!
over

!!!
the

!!!!!!
PaciÞc

!!!!!!
Ocean

!!!!
and

!!!
in

!!!
the

!!!!!
high

!!!!!!!
Arctic,

!!
a

!!!!!
setup

!!!!!!!!!!
described

!!
in

!!!!!!
detail

!!!
by

!!!!!!!!!!!!!!!!!!!!!
Miller et al. (2013) and

!!!!!!!!!!!!!!!!!!
Miller et al. (2014) .

!
The resulting modeled concentrations can be compared directly against

5
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atmosphericmethaneCH4 observations. This modeling setup isidentical to
!!!
the

!!!!!
same

!!!
as

!!
in

Miller et al. (2013) and Miller et al. (2014).Both the observationsand
!!!
The

!!!!!!!!!!!!!
observations,the

WRF-STILT model
!
,
!!!!!!!!!!!
background

!!!!!!!!!!!!!!
concentrations,

!!!!
and

!!!!!!!!!!!
uncertainties

!!!
in

!!!
the

!!!!!!!!!
modeling

!!!!!!!!!!
framework

are described in greater detail inthosepapersandin thesupplement
!!
the

!!!!!!!!!!!
Supplement

!!!!
and

!!
in

!!!!!
those

!!!!!!
papers.5

Using this setup, we cancomparepredictedmethane
!!!!!!!
evaluate

!!!!!!!!!
predicted

!
CH4 concentra-

tions using the WETCHIMP ßux estimates (Fig.1) against observed atmospheric concentra-
tions.

!!!!
The

!!!!!!!!!!!!
WETCHIMP

!!!!!!!
project

!!!!
was

!!!!!!!!
designed

!!!
to

!!!!!!!!
compare

!!!!!!!!!
simulated

!!!!!!!!
wetland

!!!!!!!!!!!
distributions

!!!!
and

!!!!!!!!
modeledCH4 !!!!!

ßuxes
!!
at

!!!!!!!!!!
multi-year,

!!!!!!!!!!!
continental

!!!!!
scales

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
(Melton et al., 2013; Wania et al., 2013) .

!!!
The

!!!!!!!
project

!!!!!!!!
entailed

!!!!!!
several

!!!!
sets

!!!
of

!!!!!!
model

!!!!!
runs,

!!!
but

!!!!!!!!!!!!!!!!!!!!!!!!!!!
Melton et al. (2013) primarily

!!!!!!!!
reported

!!!
on10

!!!
one

!!!
set

!!
of

!!!!
runs

!!
Ð

!!!!
runs

!!!
for

!!!!!!!!!!
1901Ð2009

!!!!
that

!!!!!
used

!!!
the

!!!!!
same

!!!!!!!!
observed

!!!!!!!
climate

!!!
and

!!!!!
CO2 !!!!!!!!!!!!

concentration

!!!!!!!
datasets

!!
to

!!!!!!
force

!!!
all

!!!!!!!
models.

!!!!!!
EachCH4 !!!!!!

model
!!!!!!!
utilized

!!!
its

!!!!!
own

!!!!!!!!!!!!!!!
parameterization

!!!
for

!!!!!!!!
wetland

!!!!
area

!!!
and

!!!!!!!!!!!!
distribution.

!!!
We

!!!!
use

!!!
the

!!!!!!!
outputs

!!!!!
from

!!!!
this

!!!
set

!!!
of

!!!!!!
model

!!!!
runs

!!!
in

!!!
the

!!!!!!!
present

!!!!!!
study.

!
Of

the WETCHIMP models, seven provide aßuxestimate
!!!!
ßux

!!!!!!!!
estimate

!!!
on

!
a

!!!!!!!!
suitable

!!!!
time

!!!!
step

!
for

boreal North America and six provide an estimate for temperate North America. These models15

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 (Ringeval
et al., 2010), and SDGVM (Singarayer et al., 2011). Allmodeloutputshavea

!!!
ßux

!!!!!!
model

!!!!!!!
outputs

!!!!
used

!!!!!
from

!!!
the

!!!!!!!!!!!!!
WETCHIMP

!!!!!
study

!!!!!
have

!
a

!
temporal resolution of one month. These models are

described inMelton et al. (2013) ,Wania et al. (2013) ,
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
Melton et al. (2013); Wania et al. (2013) ,20

and the Supplement.

2.2 Model selectionframework
!!!!!!!!!
Synthetic

!!!!!
data

!!!!!!!!!!!!
experiments

This studyemploystwo syntheticdataexperimentsto explorethe sensitivityof atmospheric
observationstowetlandßuxes:cantheobservationsdetectanatmosphericpatternfromwetlands
ßuxesoverdistractingpatternsfrom anthropogenicemitters?If yes,cantheobservationsdetect25

spatialvariability in wetlandßuxesfrom differentregions?Webuild amodelingapproachbased
upontheBICto answerthesequestions.

6
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The BIC is a modelselectiontechnique,andvariousforms of the BIC areusedwidely in
statisticalregressionanalysis(e.g.,?Ramsey and Schafer, 2012) .It scoresall possiblecombinations
of explanatoryvariablesbasedon model-dataÞt, and it penalizescombinationsthat havea
greaternumberof variables

!!!
We

!!!!!!
assess

!!!
the

!!!!!!!
ability

!!
of

!!!!
the CH4 !!!!!!!!!!!

observation
!!!!!!!!
network

!!
to

!!!!!!
detect

!!!!!!!
wetland

!!!!!!
ßuxes

!!!
and

!!!
use

!!
a

!!!!!!
model

!!!!!!!!
selection

!!!!!!!!!!
framework

!!!!!!!
adapted

!!!!!
from

!!!
the

!!!!
BIC. Thebestcombination5

or candidatemodelhasthe lowestBIC score
!
A

!!!!!!!
model

!!!!!!!!
selection

!!!!!!!!!!
framework

!!!!
can

!!!!
sort

!!!!!!!
through

!!
a

!!!!
large

!!!!!!!!
number

!!
of

!!!!!!!!!
potential

!!!!!!!!!!!
explanatory

!!!!!!!!
variables

!!!!
and

!!!!!
will

!!!!!!
choose

!!!!
the

!!!!!!!!
smallest

!!!
set

!!
of

!!!!!!!!!
variables

!!!
that

!!!!
best

!!!!!!!!
describe

!!!
the

!!!!!!!
dataset

!!
of

!!!!!!!
interest

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
(e.g., Ramsey and Schafer, 2012) .

!!
In

!!!!
the

!!!!!!
current

!!!!!!
setup,

!!!
we

!!!!!!!!
generate

!!!!!!!!!
synthetic

!!!!!!!!!!!
atmospheric

!
CH4 !!!!!!!!!!!!

observations.
!!!!
The

!!!!!!
model

!!!!!!!!!
selection

!!!!!!!!!!
framework

!!!!!
then

!!!!!!!!
indicates

!!!!!!!
whether

!!
a

!!!!!!!!
wetland

!!!!!!
model

!!!!!!
and/or

!!
an

!!!!!!!!!!!!!!
anthropogenic

!!!!!!!!!
emissions

!!!!!!!!!
inventory

!!!
are

!!!!!!!!!
necessary10

!!
to

!!!!!!!!
describe

!!!!!!!!!!
variability

!!!
in

!!!!!
these

!!!!!!!!!!!!
observations.

!!!
In

!!!!
this

!!!!!
way,

!!!!!!!
model

!!!!!!!!!
selection

!!!!
can

!!!!!!!
indicate

!!!!
the

!!!!!!!!!
sensitivity

!!
of

!!!!
the

!!!!!!!!!!
observation

!!!!!!!!
network

!!
to

!!!!!!!!
wetlandCH4 !!!!!

ßuxes.
We use aform of the BIC that has been adapted for use within ageostatistical inverse model-

ing framework(e.g.,?Miller et al., 2014) .
!
.

!!!!
This

!!!!!
setup

!!!!
has

!!!!!!!!!
previously

!!!!!
been

!!!!!
used

!!
to

!!!!!!
select

!!!!!
either

!!!!!!!!!
bottom-up

!!!!!!!
models

!!
or

!!!!!!!!!!!!!
environmental

!!!!!!
drivers

!!!
of CO2 !!!

andCH4 !!!!!
ßuxes

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
(e.g., Mueller et al., 2010; Yadav et al., 2010; Gourdji et al., 2012; Miller et al., 2013, 2014; Shiga et al., 2014; Fang et al., 2014; Fang and Michalak, 2015) .15

The implementation hereparallels
!!!!!!!
mirrors that of Fang et al. (2014)andShiga et al. (2014) :,

!!!!!!!!!!!!!!!!!
Shiga et al. (2014) ,

!!!!
and

!!!!!!!!!!!!!!!!!!!!!!!!!
Fang and Michalak (2015) :

BIC = ln |! | + ( z ! HX ! )T ! ! 1(z ! HX ! )
! "# $

negative log-likelihood

+ p ln(n)
! "# $

penalty term

(1)

The Þrstterm
!!!
two

!!!!!
terms

!
in Eq.1 is

!!!
(1)

!!!!
arethe negative log-likelihood, a

!
measure of how well

the model Þts the data.In thatterm,
!!!!
The

!!!
last

!!!!!
term

!!!!!!!!!
penalizes

!
a
!!!!!!!!!
particular

!!!!!!
model

!!!!!!
based

!!!!!
upon

!!!
the20

!!!!!!!
number

!!
of

!!!!!!!!!!!
explanatory

!!!!!!!!!
variables

!!!
(p).

!!!!
The

!!!!!
best

!!!!!!!!!!!
combination

!!!
or

!!!!!!!!!
candidate

!!!!!!
model

!!!
has

!!!!
the

!!!!!!
lowest

!!!!
BIC

!!!!!
score.

!

!!!!
The

!!!!!!!!
variable z (n " 1) represents the observations minus background concentrations,H

(n " m) the footprints,X
!!!
and

!!
!

!
(m " p) a matrix of p explanatoryvariables,! (p" 1) a set

of coefÞcientsassignedto thosevariables,and ! (n " n) a
!
covariance matrix derived from25

an atmospheric inversion framework.Thedata(z), footprints(H ), andparametersthatdeÞne
thecovariancematrix (! ) aretakenfrom

!!!!!
These

!!!!!!!!!
variables

!!!
are

!!!!!!
based

!!!!!
upon

!!!!
two

!!!!!!!
existing

!!!!!!!
inverse

7
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!!!!!!!!
modeling

!!!!!!!
studies

!!!
by Miller et al. (2013) and Miller et al. (2014) (refer to the Supplement). The

secondtermin Eq. 1 penalizestheBIC scoreof a particularmodelbaseduponthenumberof
explanatoryvariables(p) .

Weemploythismodelselectionframeworkto understandwhichexplanatoryvariables
!!!!!!
matrix

!!
X

!!!!!!!
(m ! p)

!!!!!!!!
contains

!!
p

!!!!!!!!!!!
explanatory

!!!!!!!!!
variables.

!!
In

!!!
the

!!!!!!!
current

!!!!!!
setup,

!!
X

!!!!
can

!!!!!!!
include

!!
a

!!!!!!!
wetland

!!!!
ßux5

!!!!!!!
estimate

!!!!!!!
and/or

!!!!!!!!!
individual

!!!!!!!!!!
emissions

!!!!!!!
sources

!
from an anthropogenicemissionsinventoryand

from theWETCHIMP ensemblearerequiredto describeeithersyntheticor realmethanedata
atNorthAmericanobservationsites.

2.3 Syntheticdata experiments

Theexperimentsdescribedin thissectionusesynthetic
!!!!!!!!
inventory.

!!
!

!!!!!!!
(p ! 1)

!!
is

!
a

!!!
set

!!
of

!!!!!!!!!!!
coefÞcients10

!!!
that

!!!!!
scale

!!!
the

!!!!!!!!!
variables

!!
in

!!!
X .

!!!
We

!!!
set

!!!!!
these

!!!!!!!!!!!
coefÞcients

!!
to

!!!!
one

!!
in

!!!
the

!!!
the

!!!!!!!!!
syntheticdatagenerated

ateachof theobservationsites.Weuse
!!!!!!!!!!!
experiments.

!!!
As

!!
a

!!!!!!
result,

!!!
the

!!!!!!
model

!!!!!!!!
selection

!!!!!!!!!!
framework

!!!!!!
cannot

!!!!!
scale

!!!!!
other

!!!!!!!!
variables

!!
in

!!!
X

!!
to

!!!!!!!!!
reproduce

!!!!
the

!!!!!!!!!!!
atmosphericCH4 !!!!!

signal
!!!!!
from

!!!!!!!!!
wetlands.

!

!!!!
The

!!!!
Þrst

!!!!!!!!!!!
experiments

!!!!!!!!!
described

!!!!!
here

!!!
use

!!!!!!!!!
synthetic

!!!!!!!!!!!
atmospheric

!
CH4 !!!!

data.
!!!!
We

!!!!!!!!
generate

!!!
the

!!!!!!!!
synthetic

!!!!
data

!!!!!
using

!!!!
one

!!
of

!!!
the

!!!!!!!!!!!!!
WETCHIMP

!!!!!!
models

!!!!
and

!!!
the

!
anthropogenic emissions estimates15

for the US and Canadafrom Miller et al. (2013) and Miller et al. (2014), respectively,and
useoneof the WETCHIMP modelsasthe wetlandßux estimate.

!!!!
For

!!!!!!!!!!!
consistency

!!!!!!!
among

!!!
the

!!!!!!!!
synthetic

!!!!!!!!
datasets,

!!!
we

!!!!!
scale

!!!
the

!!!!!!!
annual

!!!!!
HBL CH4 !!!!!!

budget
!!
in

!!!!!
each

!!!!!!!!!!!!
WETCHIMP

!!!!!!
model

!!
to

!!!!!!
match

!!!
the

!!!!!!
overall

!!!!!!!!!!
magnitude

!!!!!!!!!
estimated

!!
by

!!!!!!!
several

!!!!!!!!
top-down

!!!!!!!
studies

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
(Pickett-Heaps et al., 2011; Miller et al., 2014; Wecht et al., 2014).

We then multiply these ßuxes by
!!!
the

!!!!!!!!!
footprints

!
(H tocreatethesyntheticdataatthemeasurement20

locations.We further add in
!
)

!!!!
and

!!!!
adderror that is randomly generated from the covariance

matrix !
!!!!
(! ).

!!!!!
This

!!!!!!!!!!
covariance

!!!!!!!
matrix

!!!!!!!!!
represents

!!!!!!
errors

!!!
in

!!!!!!!!!!!
atmospheric

!!!!!!!!!
transport

!!!!
and

!!!
in

!!!
the

!!!!!!!!!!!!!
measurementsÐ error that representsuncertaintiesin the ßuxes,the measurements,and the
atmospherictransportmodel,amongothererrorsources(referto theSupplement).

!!!!!!!!!!
collectively

!!!!!!!
referred

!!
to

!!!
as

!!!!!!!!!!
model-data

!!!!!!!!!!
mismatch.

!!!!!
This

!!!!!!
matrix

!!!!
also

!!!!!!!!!!
represents

!!!!!!!!!!!
uncertainties

!!!
in

!!!
the

!!!!!
prior

!!!!
ßux25

!!!!!!!!
estimate.

!!
In

!!
a

!!!!!!!!!!!!
geostatistical

!!!!!!!
inverse

!!!!!!!
model,

!!!!
this

!!!!!
prior

!!!!
ßux

!!!!!!
model

!!
is

!!!!!!
given

!!!
by

!!!!
X !

!!!!!
(refer

!!!
to

!!!
the

!!!!!!!!!!
supplement

!!!
for

!!!!!
more

!!!!!!!
detail).

8
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The syntheticexperimentsask progressivelydemandingquestionsthat test the limits of
availabledata.In experimentone,weexaminewhethermethaneobservationscandetectpatterns
in theatmospheredueto wetlandßuxesfrom different regions.Whengivenmultiple possible
explanatoryvariables(including datafrom the EDGAR anthropogenicemissionsinventory),
will the model selectionframeworkchoosea wetlandestimate?If yes, the observationscan
identify apatternin atmosphericmethanedueto wetlandßuxesandthatpatternis largeenough5

to bevisibleoverothersignalsin theatmosphere.If not,theneitherthecontributionof wetlands
atthatsiteis small,or theobservationscannotdifferentiateatmosphericpatternsdueto wetlands
over otheratmosphericpatternsdue to anthropogenicsourcesor model-measurementerrors.
This setupfollows Shiga et al. (2014) ,who exploredthedetectabilityof atmosphericpatterns
from anthropogenicCO2 emissions.10

For this test,we generatethesyntheticdatausingoneof theWETCHIMP models.We then
allow the model selectionframeworkto selectwetlandßuxesand/orthe EDGAR dataused
to generatethe syntheticßuxes.We divide the

!!!!!!!!!!!!
WETCHIMP

!
wetland ßuxes into four regions

(Fig.
!
2) and four seasons (winter,spring,summer,fall

!!!!
DJF,

!!!!!!!
MAM,

!!!!
JJA,

!!!
and

!!!!!
SON). The model se-

lectioncanchoosenone,some,or all of thesesixteenwetlandvariables
!!!!!!!!!
framework

!!!!!
then

!!!!!!!
chooses15

!!!!!!!!
variables

!!!!
that

!!!
are

!!!!!!!!!
necessary

!!
to

!!!!!!!!!!
reproduce

!!!
the

!!!!!!!!
synthetic

!!!!!
data,

!!!!!!!!
variables

!!!!
that

!!!!!!!
include

!!!!!!!!
EDGAR

!!!!
and

!!!
the

!!
16

!!!!!!!!
wetland

!!!!
ßux

!!!!!
maps. We run this

!!!!!
model

!!!!!!!!!
selectionexperiment 1000 times, generating new

synthetic data each time, and calculate the percentage of all trials in which the model selec-
tion chooses a

!
wetland model.In this experiment,the coefÞcients(! )areÞxedto one.Note

that severalof the WETCHIMP modelsoverestimatethe magnitudeof ßuxes(Sect.4.2), so20

we only usemodelswith asmallermagnitudeto generatethesyntheticdatain this experiment
(CLM4Me, DLEM, SDGVM, andLPJ-WSL).

In experimenttwo, we investigatewhetherthe observationnetwork is sensitiveto spatial
variability in thewetlandßuxes,independentof magnitudeorseasonality

!!!
The

!!!!!
1000

!!!!!!!
repeats

!!!
are

!!!!!!
needed

!!!!
due

!!
to

!!!
the

!!!!!!!
random

!!!
or

!!!!!!!!!
stochastic

!!!!!!
nature

!!
of

!!!
the

!!!!!!!!
synthetic

!!!!
data

!!!!!!!!!!!
experiment;

!!!
the

!!!!!!!
results

!!
of

!!!
the25

!!!!!
model

!!!!!!!!!
selection

!!!!
can

!!!!
vary

!!!!!!!!
slightly,

!!!!!!!!!!
depending

!!
on

!!!!
the

!!!!!!!!!
particular

!!!!!!!
random

!!!!!!
errors

!!!!
that

!!!
we

!!!!!!!!
generate

!!!!!
based

!!!!!
upon

!!!
the

!!!!!!!!!!
covariance

!!!!!!!
matrix

!!!!
(! ). In this setup, we do not Þx the

!!!!
This

!!!!!!!!!
procedure

!!!!!!!
ensures

!!!
that

!!!
the

!!!!!!
model

!!!!!!!!!
selection

!!!!!!
results

!!!
are

!!!!
not

!!!
the

!!!!!!
output

!!
of

!!
a

!!!!!
single

!!!!!!!!!!!
realization.

!!!
We

!!!!
then

!!!!!!
report

!!!
on

!!!!
how

9
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!!!!!!!!!
frequently

!!!!
each

!!!
of

!!!
the

!!!
16

!!!!!!!
wetland

!!!!
ßux

!!!!!
maps

!!
is

!!!!!!!
chosen.

!!
If

!
a
!!!!!!!!
wetland

!!!!
ßux

!!!!
map

!!
is

!!!!!!
chosen

!!!!!
with

!!!!
high

!!!!!!!!!
frequency,

!!!!!
then

!
a
!!!!!!!!
wetland

!!!!
ßux

!!!!!
map

!!
is

!!!!!!!!!
necessary

!!!
to

!!!!!!!!
describe

!!!!!!!!!!
variability

!!
in

!!!
the

!!!!!!!!!
synthetic

!
CH4

!!!!!!!!!!!!
observations,

!!!
and

!!!!
the

!!!!!!!!
synthetic

!!!!!!!!!!!
observation

!!!!!!!!
network

!!!!
can

!!!!!!
detect

!!!!!!!!!
aggregate

!!!!!!!
wetland

!
CH4 !!!!!

ßuxes

!!!!
from

!!!
the

!!!!!!
given

!!!!!!
region

!!!
and

!!!!!!!
season.

!!!!!
This

!!!!!
setup

!!!!!!!
mirrors

!!!!
that

!!
of

!!!!!!!!!!!!!!!!!!
Shiga et al. (2014) ,

!!!!
who

!!!!!!!!!
employed

!
a

!!!!!!
model

!!!!!!!!
selection

!!!!!!!!!!
framework

!!!
to

!!!!!!!
explore

!!!
the

!!!!!!!!!!!
detectability

!!!
of

!!!!!!!!!!!!!
anthropogenicCO2 !!!!!!!!!

emissions.
!

!!!
We

!!!!
also

!!!!!!!
explore

!!!!
why

!!!
the

!!!!!!!!!
syntheticCH4 !!!!!!!!!!!

observations
!!!!
may

!!!
not

!!!
be

!!!!
able

!!
to

!!!!!!
detect

!!!!!!!
wetland

!!!!!!
ßuxes.5

!!!
We

!!!
run

!!
a

!!!!!
series

!!
of

!!!!!
case

!!!!!!
studies

!!!!
and

!!
in

!!!!
each

!!!!
case

!!!!!!!
remove

!!
a

!!!!!!!!
different

!!!!!!!!!!!
confounding

!!!!!!
factor

!!!!
that

!!!!!
might

!!!!!!
prevent

!!!!
the

!!!!!!!
network

!!!!!
from

!!!!!!!!!
detecting

!!!!!!!
wetland

!
CH4 !!!!!!

ßuxes.
!!
In

!!!!
one

!!!!!
case,

!!!
we

!!!!!!!
remove

!!!!!!!!!!!!!
anthropogenic

!!!!!!!!!
emissions.

!!
In

!!!!!!!!!!!
subsequent

!!!!!
cases,

!!!
we

!!!!!!!
remove

!!!!!!!!!!!
model-data

!!!!!!!!!
mismatch

!!!!!
errors

!!!!!!
and/or

!!!!!
prior

!!!!
ßux

!!!!!!
errors.

!!
In

!!!!
each

!!!!!
case,

!!!
we

!!!!!!
re-run

!!!
the

!!!!!!
model

!!!!!!!!
selection

!!!!!!!!!!
experiment

!!!!
and

!!!!!!!!
examine

!!!!!!!
whether

!!!
the

!!!!!!
results

!!!!!!!!
improve

!!!!!
when

!!!!
each

!!!
of

!!!!!
these

!!!!!!!!!!!
confounding

!!!!!!!
factors

!!
is

!!!!!!!!!
removed.10

2.3
!!!!
Real

!!!!!
data

!!!!!!!!!!!!
experiments

!!!!
This

!!!!!
paper

!!!!!!!!!!!!
subsequently

!!!!!!!!!
compares

!!!!
the

!!!!!!
spatial

!!!!!!!!!!!
distribution,

!!!!!!!!!!!
magnitude,

!!!!
and

!!!!!!!!!!
seasonality

!!
of

!!!!!
each

!!!!!!!!!!!!
WETCHIMP

!!!!!!!
estimate

!!!!!!!
against

!!!!
real

!!!!!!!!!!!
atmosphericCH4 !!!!!!!!!!!

observations,
!!!!!!
using

!!!
the

!!!!!!!!
synthetic

!!!!!!!!!!!
experiments

!!
to

!!!!!
guide

!!!
the

!!!!!!!!
analysis.

!

!!!
We

!!!!
Þrst

!!!!!!!
explore

!!!!
the

!!!!!!
spatial

!!!!!!!!!!!
distribution

!!!
of

!!!
the

!!!!!!!!!!!!
WETCHIMP

!!!!!
ßux

!!!!!!!!!
estimates.

!!!!
We

!!!!!!!
modify

!!!
the15

!!!!!
model

!!!!!!!!!
selection

!!!!!
setup

!!!
in

!!!!!
Sect.

!!!
2.2

!!!
to

!!!!!
focus

!!!
on

!!!!
the

!!!!!!
spatial

!!!!!!!!!!!
distribution

!!!
of

!!!!!
each

!!!!!!!!
estimate

!!!!!
using

!
a

!!!!!!!!!
procedure

!!!!!!!!!!
developed

!!!
by

!!!!!!!!!!!!!!!!!!!!
Fang et al. (2014) and

!!!!!!!!!!!!!!!!!!!!!!!!!
Fang and Michalak (2015) .

!!!!!!!
Instead

!!
of

!!!!!!
Þxing

!!!
the coefÞcients (! ) but ratherestimatecoefÞcientsthat minimize the log-likelihood in Eq. 1.

!!
to

!!!!
one,

!!!
we

!!!!!!!
instead

!!!!!!!!
estimate

!!!
the

!!!!!!!!!!!
coefÞcients

!!!!!
using

!!!!
real

!!!!!!!!!!!
atmospheric

!
CH4 !!!!!!!!!!!

observations.
!
We also

includea spatialconstantor interceptterm in X that canchangeby month.
!!
an

!!!!!!!!
intercept

!!!!!
term20

!!!
that

!!!!
can

!!!!
vary

!!!
by

!!!!!!!
month;

!!!
the

!!!!!!!!!
intercept

!!!
for

!!!!!
each

!!!!!!
month

!!
is

!!!!!!!!!!!
represented

!!!
by

!
a

!!!!!!
vector

!!!
of

!!!!
ones

!!!
in

!!!
the

!!!!!!
matrix

!!!
X ,

!!!!
and

!!!!
this

!!!!!!!!
intercept

!!
is

!!!!!!!
always

!!!!!!!!
included

!!!!!!
within

!!!
X .

!!!!
We

!!!!
then

!!!!
run

!!!!!!
model

!!!!!!!!!
selection

!!!!!
using

!!!
real

!!!!!!!!!!!!
observations.

!
As a result of this setup,themagnitudeand

!
a

!!!!!!!!
wetland

!!!!!!
model

!!
is

!!!
not

!!!!!!!!!
necessary

!!
to

!!!!!!!!!
reproduce

!!!!!!
either

!!!!
the

!!!!!!!!!!
magnitude

!!!
or

!
seasonality of theinterceptcan be adjustedto match

the data,but any spatialvariability in the ßuxes
!!!!!!!!!!!
atmospheric

!
CH4 !!!!

data;
!!!
the

!!!!!!!
model

!!!!!!!!
selection25

!!!!!!!!!!
framework

!!!
can

!!!!!!!
simply

!!!!!
scale

!!!
the

!!!!!!!!
intercept

!!!!!
term

!!
or

!!!!!
scale

!!!!!!!!
EDGAR

!!
to

!!!!!!!!!!
reproduce

!!!
the

!!!!!!!!!!
magnitude

!!
or

!!!!!!!!!!
seasonality

!!
of

!!!!
the

!!!!!!!!!!!!
observations.

!!!!
The

!!!!!!!
spatial

!!!!!!!!!!
distribution

!!!
of

!!!!!!!!
wetland

!!!!!!
ßuxes,

!!!!!!!!!
however,can only

10
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come fromthe
!
a

!
wetland model.As in experimentone, the model selectionframeworkcan

chooseamong16 wetlandvariablesÐ variablesthat representdifferent regionsandseasons.
If modelselectionchoosesa wetlandvariable,thenthe spatialdistribution in that variableis
necessaryto reproducethesyntheticdata.If not , thentheobservationsarenot sensitiveto

!!!
The

!!!!!
model

!!!!!!!!!
selection

!!!!!!!!!
procedure

!!!!
will

!!!!!
only

!!!!!!!
choose

!
a
!!!!!!!!
wetland

!!!!!!
model

!!
if

!!!!
the

!!!!!!
spatial

!!!!!!!!!!!
distribution

!!
of

!!!!
that

!!!!!
model

!!!!!!!!!
describes

!!!!!!!!!
sufÞcient,

!!!!!!!!!!
additional

!!!!!!!!!
variability

!!
in

!!!!
the

!!!!!!!!!!!
observations

!!!!!!!!!!!!!!!!!!!!!!
(e.g., Fang et al., 2014) .

!
5

!!!!!!
Model

!!!!!!!!!
selection

!!!!
can

!!!!!!!!
therefore

!!!!!!!!
indicate

!!!!!!!
which

!!!!!!!!!!!!
WETCHIMP

!!!!!!!
models

!!!!!
have

!!!!
the

!!!!
best

!!!!!!!
spatial

!!!!!!!!!!
distribution

!!!!!!!
relative

!!
to

!!!!
the

!!!!!!!!!!!
atmospheric

!!!!!!!!!!!!
observations;

!!!!
any

!!!!!!!!!!!!
WETCHIMP

!!!!!!
model

!!!!!!
chosen

!!!
by

!!!!!!
model

!!!!!!!!
selection

!!!!!
must

!!!!
have

!!
aspatialvariability in wetlandßuxesfor thatregion/season.Thisapproach

follows that of Fang et al. (2014) ,who employeda model selectionframework to evaluate

!!!!!!!!!!
distribution

!!!!
that

!!!!!!!!!
improves

!!!!!!!!!!!
model-data

!!!
Þt,

!!!!
and

!!!
the

!!!!!!
model

!!!!!
must

!!!!!!!!
improve

!!!!
that

!!!
Þt

!!!!!
more

!!!!!
than

!!!
the10

!!!!!!
penalty

!!!!!
term

!!
in

!!!!
Eq.

!!
1.

!!
A

!!!!!!!!
negative

!!!!!
result

!!!!!
does

!!!
not

!!!!!!!!!!
necessarily

!!!!!!!!
indicate

!!!
that

!!
a

!!!!!!!!!!!!
WETCHIMP

!!!!!!
model

!!!
has

!!
a

!!!!
poor

!!!!!!!
spatial

!!!!!!!!!!!
distribution.

!!!
In

!!!!
that

!!!!!
case,the

!!!!!!!!!!!
observations

!!!!
may

!!!!
not

!!
be

!!!!!
very

!!!!!!!!
sensitive

!!!
to

!!!
the

!!!!!!
spatial

!!!!!!!!!!
distribution

!!!
of

!!!!!!
ßuxes

!!!
for

!!!
the

!!!!!!
given

!!!!!!
region

!!!
or

!!!!!
given

!!!!!!!
season.

!!!!!!!!!
Similarly,

!!!!
the spatial distri-

bution of biosphericCO2 ßux models.
!!
in

!!
a

!!!!!!!!!!!!
WETCHIMP

!!!!!!
model

!!!!!
may

!!!!!!!!
improve

!!!!!!!!!!!
model-data

!!
Þt

!!!
but

!!!
not

!!!
by

!!!!!
more

!!!!!
than

!!!
the

!!!!!!!
penalty

!!!!!
term

!!!
in

!!!
Eq.

!!!
1.

!!!
By

!!!!!!!!
contrast,

!!
a

!!!!!!!
positive

!!!!!!
result

!!!!!!!!
indicates

!!!!
that

!!
a15

!!!!!!!!!!!!
WETCHIMP

!!!!!!
model

!!!
has

!!
a

!!!!!!!!!!!
particularly

!!!!!
good

!!!!!!
spatial

!!!!!!!!!!!
distribution.

!!!
As

!!!
in

!!!!!
Sect.

!!!!
2.2,

!!!
we

!!!!!!
divide

!!!
the

!!!!!!!
wetland

!!!!!!
ßuxes

!!!!
into

!!!!
four

!!!!!!!!!!!!!!!
sub-continental

!!!!!!!
regions

!!!!
and

!!!!
four

!!!!!!!!
seasons.

!!!!
The

!!!!!!!!!!!
Supplement

!!!!!!!!!
describes

!!!
this

!!!!!
setup

!!!
in

!!!!!!
greater

!!!!!!
detail.

!

2.4 Realdata experiments

If experimenttwo is successfulonsyntheticdata,wethenapplytheexperimentto realdata.We20

usethemodelselectionframeworkto determinewhich, if any,bottom-upmodelshaveaspatial
distributionthatcandescribethemethaneobservationsmoreeffectivelythanaspatialconstant.

Wealsoincludeanumberof model-datatimeseriesto evaluateboth
!!!!
then

!!!!!!!
analyze

!
the magni-

tude and seasonality of theßuxes
!!!!!!!!!!!
WETCHIMP

!!!!!!
ßuxes

!!!!!
using

!!
a

!!!!!!!
number

!!
of

!!!!!!!!!!!
model-data

!!!!
time

!!!!!!
series.25

We modelmethaneCH4 concentrations at anumber of US and Canadian observation sites us-
ing

!!!
the

!
WRF-STILT , WETCHIMP, and

!!!!!!
model,

!!!
the

!!!!!!!!!!!!
WETCHIMP

!!!!!!!!!!
estimates,

!!!
and

!!!!
the

!
EDGAR

11
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v4.2FT2010(Olivier and Janssens-Maenhout, 2012; European Commission, Joint Research Centre (JRC)/Netherlands Environmental Assessment Agency (PBL), 2013)
!!!!!!!!!
emissions

!!!!!!!!
inventory

!!!!!!!!
(Olivier

!!!
and

!!!!!!!!!!!!!!!!!!
Janssens-Maenhout,

!!!!!!
2012;

!!!!!!!!
European

!!!!!!!!!!!!!
Commission,

!!!!
Joint

!!!!!!!!!
Research

!!!!!!
Centre

!!!!!!!!!!!!!!!!!
(JRC)/Netherlands

!!!!!!!!!!!!!
Environmental

!!!!!!!!!!!
Assessment

!!!!!!!
Agency

!!!!!!
(PBL),

!!!!!
2013). We average the observations and model output at the monthly scale and then compare
the magnitude of these model estimates for each month against the averaged observations.

SeveralstudiesindicatethatEDGAR mayunderestimateemissionsin certainregionsof the
USandCanada(e.g., Kort et al., 2008; Miller et al., 2013, 2014; Wecht et al., 2014) .Therefore,5

wescalethemagnitudeof EDGARv4.2FT2010tomatchwintertimeobservations(NovemberÐApril)
at eachsite usinga standardmajor axis (SMA) regression.During thosemonths,ßuxesfrom
wetlandsaresmall andany modelbiasesarelikely dueto anthropogenicemissions.We then
apply this scalingfactor,estimatedfor eachsite from winter data,to anthropogenicemissions
in all seasons.Miller et al. (2013) foundthatanthropogenicemissionsin theUSlacksigniÞcant10

seasonality,sothewintertimescalingfactorsshouldbeapplicableto otherseasons.
We further compare the seasonality of existing bottom-up models against the seasonality of

a recent inverse modeling estimate by Miller et al. (2014). We plot the monthlymethanebudget
asa fractionof theannualtotal

!!!!!!!
budgets

!
for both the bottom-up models and the inversion esti-

mate. We only conductthis analysisfor wetlandßux regionsthatarevisible to theobservation15

network(syntheticexperimentsoneandtwo)
!
,

!!!
and

!!!
we

!!!!
plot

!!!
the

!!!!!!!!
monthly

!
CH4 !!!!!!

budget
!!
as

!!
a

!!!!!!!
fraction

!!
of

!!!
the

!!!!!!
annual

!!!!!
total.

Note that inter-annual variability in existingmethaneCH4 ßux models is small relative to
the differences among these models; as aresult, conclusions from the2-year

!
2year study pe-

riod (2007Ð2008) likely hold for other years. For example, the inter-annual variability in the20

total US/Canadian budget is± 7.3! 9.7%
!!!!!!!!!!!
± 7.3Ð9.7%

!
(standard deviation), depending upon

the model in question (Note that LPJ-Bern has even larger inter-annual variation due to an issue
with model spin-up described inWania et al. (2013) .

!!!!!!!!!!!!!!!!
Wania et al., 2013).

3 Results and discussion: synthetic experiments

The synthetic experiments presented here explore the limits of existing atmospheric data for25

constraining wetland ßuxes.WeÞrstleveragesyntheticdatatoexaminewhethertheatmospheric

12
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observationsitescandistinguishanatmosphericpatternfromwetlandßuxesaboveotherpatterns
dueanthropogenicemissionsor simulatedmodel,measurement,andemissionsuncertainties.
If atmospheric observations are to constrain wetlandmethaneCH4 ßuxes, those observations
must, at minimum,identify anatmosphericpatternfrom wetlandßuxesfrom otherdistracting
patternsin the model and/ordata

!!
be

!!!!
able

!!!
to

!!!!!!
detect

!!!!!!!!
wetland

!
CH4 !!!!!

ßuxes
!!!!!!
above

!!!!!!
errors

!!!
in

!!!
the

!!!!!!!!
transport

!!!!!!
model

!!!!
and

!!!!!
above

!!!!!
other

!!!!!!!!!
emissions

!!!!!!!!
sources

!!!!
such

!!!
as

!!!!!
fossil

!!!!!
fuels

!!!
and

!!!!!!!!!!
agriculture.5

Theresultsof thisexperimentaresummarizedin Fig. 3a.Thefour columns in Fig.3a
!!
3a

!
dis-

play the results from an individual season in each of four geographic regions. In this experi-
ment, theobservationnetworkcandetectasummertimemethanepatternfrom wetlandsin both
EasternandWesternCanadain

!!!!!!!!
synthetic

!
CH4 !!!!!!!!!!!

observations
!!!!
can

!!!!!!
detect

!!!!!!!!!
aggregate

!!!!!!!
wetland

!
CH4

!!!!!
ßuxes

!!!!!
from

!!!!!!!!
Eastern

!!!!!!!!!
Canadian

!!!!!!!!
wetlands

!!!
in greater than 75% of all trials

!!!
for

!!!
the

!!!!!!!!
summer

!!!!
and10

!!!
fall

!!!!!!!
seasons. In the eastern US, the model selection framework chooses awetland model in

50Ð75
!!!!!!
25Ð50% of all trials in multiple different seasons. By contrast, theobservations

!!!!!!!!
synthetic

CH4 !!!
data

!
are least sensitive to wetland ßuxes in the western US, and the model selection frame-

work chooses wetland ßuxes from that region inless
!!!!
fewer

!
than 25% of all trials irrespective

of the season. This result may be due, in part, to therelativelydry climateandscantwetlands15

!!!!!
scant

!!!!!!!!
wetlands

!!!!
and

!!!!!!
sparse

!!!!!!!!!!!
atmospheric

!!!!!!!!!!!!
observations

!
in much of the west.The methanesignal

from resourceextractionand/oragriculturemayalsoovershadowanypatternsfrom wetlands.
The results alsocontain a numberof seasonaltrends

!!!!
vary

!!!
by

!!!!!!!
season. Of any region, the

observation
!!!!!!!!!!
atmospheric

!
CH4 network is best able to constraintheseasonalcycle

!!!!!
ßuxes

!!!!!!
across

!!!!!!!
multiple

!!!!!!!
seasons

!
in eastern Canada. The largest wetland ßuxesestimatedfor theUSandCanada20

!!
in

!!!
the

!!!!!!!!!!!!
WETCHIMP

!!!!!!!
modelsare in Ontario and Quebec.

!!!!
(Fig.

!!!
1). It is therefore unsurprising that

the network isso sensitiveto ßuxesfrom this
!!!
best

!!!!!
able

!!
to

!!!!!!
detect

!!!!!!!!
wetland

!!!!!!
ßuxes

!!!
in

!!!!
that

!
re-

gion, even though there are relatively few observation sites in the area. In other regions, the
observation

!!!!!!!!!!
atmospheric

!
CH4 network is less sensitive to wetlands during the winter, fall, and

springseasons.For example,themodelselectionframeworkchoosesa wetlandmodelin less25

than25
!!!!!!!
shoulder

!!!!!!!!
seasons.

!!!
We

!!!!
run

!!!!!!
several

!!!!!!!!!!
additional

!!!!
test

!!!!!!!!
scenarios

!!!
to

!!!!!!!
explore

!!!!
why

!!!!
the

!!!!!!!!
synthetic

!!!!!!!!!!!!
observations

!!!!!
may

!!!
not

!!!!!!
always

!!!
be

!!!!
able

!!!
to

!!!!!!
detect

!!!!!!!
wetland

!
CH4 !!!!!!

ßuxes.
!!!!
We

!!!!!!!
remove

!!!!!!!!!!!!!
anthropogenic

!!!!!!!!!!
emissions

!!!!!
from

!!!
the

13
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!!!!!!!!
synthetic

!!!!!!
dataset

!!!
for

!!!
the

!!!!!!!!!!!
experiment

!!
in

!!!!
Fig.

!!!
3b.

!!!
We

!!!!!!!
remove

!!!
all

!!!!!!
model

!!!!
data

!!!!!!!!!
mismatch

!!!!!
errors

!!
in

!!!!
Fig.

!!!
3c;

!!!!!!!!!!
model-data

!!!!!!!!!
mismatch

!!!!!!!!!!!!
encompasses

!!!!!
errors

!!
in

!!!!!!!!!!!!
atmospheric

!!!!!!!!
transport

!!!
and

!!
in

!!!!
the

!!!!!!!!!!!!!
measurements.

!!!!!!!!!!!!
Subsequently,

!!!!
we

!!!!!!!
remove

!!!
all

!!!!!!
errors

!!!!
due

!!
to

!!!!
the

!!!!!
prior

!!!!
ßux

!!!!!!!!
estimate

!!!
in

!!!!
Fig.

!!!
3d.

!!!
In

!!!!
Fig.

!!!!
3e,

!!!
we

!!!!!!!
remove

!!!!
both

!!!!!
types

!!!
of

!!!!!!
errors.

!!!
In

!!!!
each

!!!!!
case,

!!!!
we

!!!!!!
re-run

!!!
the

!!!!!!
model

!!!!!!!!!
selection

!!!!!!!!!!
experiment

!!!
to

!!!
see

!!
if

!!!
the

!!!!!!!!!
sensitivity

!!!
of

!!!
the

!!!!!!!!!!!
atmospheric

!
CH4 !!!!!!!

network
!!!
to

!!!!!!!
wetland

!!!!!!
ßuxes

!!!!!!!!!
improves.

!

!!!!!!!!!!!!!
Anthropogenic

!!!!!!!!!!
emissions

!!!!!
have

!!!!
only

!!
a

!!!!!!!
modest

!!!!!!
effect

!!!
on

!!!
the

!!!!!!!
results

!!
in

!!!!!!!!
speciÞc

!!!!!!!
regions

!!!!
and5

!!!!!!!
seasons.

!!!
In

!!!!!
case

!!!
(b)

!!!!!!!!
without

!!!!!!!!!!!!!
anthropogenic

!!!!!!!!!!
emissions,

!!!!
the

!!!!!!
results

!!!!!!!!
improve

!!!
by

!!!!!!!!!
! 25Ð50% of

all trials during the winter in all regions.
!!
in

!!!
the

!!!!
fall

!!!!
and

!!!!!!
spring

!!!!!!!!
shoulder

!!!!!!!!
seasons

!!!
for

!!!!!!!
several

!!!!!!!!!!
geographic

!!!!!!!
regions.

!

Thedensityof theobservationnetworkmayalsoplay a role in theseresults.Wetlandsin the
EasternUS aresparserelativeto Canada,but thehigherdensityof observationsin theEastern10

US may contributeto a moderatesuccessrate(> 50%) for that region.A recentobservation
networkexpansioncouldplayakeyrolein futureeffortsto constrainwetlandßuxesacrossthese
regions. EnvironmentCanadahasrecentlybeenexpandingtheir observationnetworkacross
westernandArctic Canada(i. e. , Saskatchewan,Alberta,NorthwestTerritories,andNunavut).
In addition,EarthNetworkshasbegunto install newobservationsitesacrosstheeasternUS in15

a privately-fundedinitiative.
!!
By

!!!!!!!!!
contrast,

!!!
the

!!!!!!!!!!
model-data

!!!!!!!!!!
mismatch

!!!
and

!!!!!
prior

!!!!!
ßux

!!!!!
errors

!!!!!
have

!
a

!!!!!!
much

!!!!!
larger

!!!!!!
effect

!!!
on

!!!
the

!!!!!!
model

!!!!!!!!!
selection

!!!!!!!
results.

!!!!
The

!!!!!!
results

!!!!!!!!
improve

!!!!!!!!!!!!!
incrementally

!!!!!!
across

!!!!!
many

!!!!!!!
regions

!!!
and

!!!!!!!!
seasons

!!!!!
when

!!!
we

!!!!!!!
remove

!!!!!!!!!!
model-data

!!!!!!!!!
mismatch

!!!!!!
errors

!!
in

!!!!
case

!!!!
(c).

!!!!
The

!!!!!!
results

!!!!!!!
improve

!!!!!!
across

!!!!
the

!!!!!!!
spring,

!!!!!!!!
summer,

!!!!
and

!!!!
fall

!!!!!!!
seasons

!!!!
and

!!!!!!!!
improve

!!!!!!
across

!!!
all

!!!!!
four

!!!!!!!!!!
geographic

!!!!!!!
regions.

!!!!!!!!!
However,

!!!!
the

!!!!!!!!!!
magnitude

!!
of

!!!!
this

!!!!!!!!!!!!!
improvement

!!
is

!!!!!!
never

!!!!!
more

!!!!!
than

!!!
25%.

!!!!!!!!!!!
Model-data20

!!!!!!!!!
mismatch

!!!!!
errors

!!!
are

!!!!!!
likely

!!!!!!!!!!
dominated

!!
by

!!!!!!
errors

!!
in

!!!!!!!!
modeled

!!!!!!!!!!!
atmospheric

!!!!!!!!!
transport.

!!!!!!
These

!!!!!!
results

!!!!!
imply

!!!!
that

!!!!!!!!
transport

!!!!!!
errors

!!!!
play

!!
an

!!!!!!!!!!!
incremental

!!!
yet

!!!!!!!!!
pervasive

!!!!
role

!!
in

!!!
the

!!!!!!
utility

!!
of

!!!
the

!!!!!!!!!!!
atmospheric

!!!!!!!!!!!!
observations.

Comparedto experimentone, the secondexperimentasksa more demandingquestionof
theobservationnetwork:is theobservationnetworksensitiveto spatialvariability in

!!!
The

!!!!!
prior25

!!!
ßux

!!!!!!
errors

!!!!!
have

!!!!
the

!!!!!!
largest

!!!!!!
effect

!!!
on

!!!
the

!!!!!!!
results,

!!!!!!!!!!!
particularly

!!!!!!!
during

!!!
the

!!!!!!!!
warmest

!!!!!!!!
seasons.

!!!
In

!!!!
case

!!!!
(d),

!!!
the

!!!!!!
results

!!!!!!
show

!!!!!
great

!!!!!!!!!!!!
improvement

!!!!!!!
during

!!!!
fall,

!!!!!!!
spring,

!!!
and

!!!!!!!!
summer

!!!!
and

!!!!!
show

!!!!!
little

!!!!!!!!!!!!
improvement

!!!!!!
during

!!!!!!
winter

!!!
or

!!
in

!!!!
the

!!!!!!!
western

!!!!!
US.

!!
In

!!!!
the

!!!!!
setup

!!!!!
here,

!
the wetlandßuxesfrom

14
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eachregion?Alternately,cana spatially-constantmodel reproducethe syntheticatmospheric
observationsaswell?Existingbottom-upestimatesdisagreemarkedlyonthespatialdistribution
of wetlandßuxes,but perhapsatmosphericdatacanprovideguidance

!!!!
prior

!!!!
ßux

!!!!!!!!!!!!
uncertainties

!!!!
scale

!!!!!
with

!!!!
the

!!!!!!!!
seasonal

!!!!!!!!!!
magnitude

!!!
of

!!!
the

!!!!!!!
ßuxes.

!!!!!!
When

!!!
we

!!!!!!!
remove

!!!!
the

!!!!!
prior

!!!!
ßux

!!!!!!!
errors,

!!!
the

!!!!!!
results

!!!!!!!!!!!!!
concomitantly

!!!!!
show

!!!!
the

!!!!!!!
greatest

!!!!!!!!!!!!
improvement

!!!
in

!!!!!!!
seasons

!!!!
that

!!!!!
have

!!!!!!
larger

!!!!!!
overall

!
CH4

!!!!!!
ßuxes.

!!!!!
These

!!!!!!!
results

!!!!!!!
indicate

!!!!
that

!!!
the

!!!!
prior

!!!!!!!!
estimate

!!!!!!!
greatly

!!!!!!!
impacts

!!!
the

!!!!!!
utility

!!
of

!!!
the

!!!!!!!!!!!
atmospheric5

CH4 !!!!!!!!!!!
observations.

!!
A

!!!!!!!!!!!!
geostatistical

!!!!!!!
inverse

!!!!!!
model

!!!!
can

!!!!!!!
leverage

!!!!
any

!!!!!!!!!!!!
combination

!!
of

!!!!
land

!!!!!!!
surface

!!!!!
maps,

!!!!!!!!!!!!!!
meteorological

!!!!!!
maps,

!!!!!!
and/or

!!!!!!!!!!!!!!
anthropogenic

!!!!!!!!!
inventory

!!!!!!!!!
estimates

!!
in

!!!!
the

!!!!!!!!!
inversion

!!!!!
prior.

!!!!!
These

!!!!!!
maps

!!
or

!!!!!!!!!!
estimates

!!!
are

!!!!!!!!!!!!
incorporated

!!!!
into

!!!!
the

!!!
X

!!!!!!
matrix

!!!
in

!!!!
Eq.

!!
1.

!!!
If

!!!!!!!!
accurate

!!!!!
maps

!!!
or

!!!!!!!!
estimates

!!!!
are

!!!
not

!!!!!!!!!
available,

!!!!!
then

!!!!
the

!!!!!
prior

!!!!
ßux

!!!!!!
errors

!!!!
will

!!!
be

!!!!!!
large,

!!!!
and

!!!
the

!!!!!!
model

!!!!!!!!!
selection

!!!!!!!!!!
framework

!!!!
will

!!!
be

!!!!
less

!!!!!!
likely

!!
to

!!!!!!!
choose

!!!!
any

!!!!!!!!!!
particular

!!!!!!!!
variable.

!!
If

!!!!!!
these

!!!!!
maps

!!!
or

!!!!!!!!!
estimates10

!!!!
have

!!!!!
high

!!!!!!!!!!!
explanatory

!!!!!!
power,

!!!!!
then

!!!
the

!!!!!
prior

!!!!
ßux

!!!!!!
errors

!!!!
will

!!
be

!!!!!!
small,

!!!!
and

!!!!
the

!!!!!!
model

!!!!!!!!
selection

!!!!!!!!!!
framework

!!!!
will

!!!
be

!!!!!
more

!!!!!!
likely

!!
to

!!!!!!!
choose

!!!!
any

!!!!
one

!!!!!!!!!
variable.

!!!
As

!!
a

!!!!!!
result,

!!!!
the

!!!!!!!!!!!
detectability

!!!
of

!!!!!!!
wetland

!
CH4 !!!!!

ßuxes
!!!!!!
partly

!!!!!!!
depends

!!!
on

!!!!
the

!!!!!!!!!!
availability

!!!
of

!!!!
land

!!!!!!!
surface

!!!
or

!!!!!!!!!!!!!!
meteorological

!!!!
data

!!!
that

!!!!!!!!
matches

!!!!!
those

!!!!!!
ßuxes.

!!!!
The

!!!!!!!!!!!!
atmospheric

!!!!!!!
network

!!!!
can

!!!!!
better

!!!!!!
detect

!!!!!!!
wetland

!
CH4 !!!!!

ßuxes
!!!!!
when

!!!!!!!
accurate

!!!!!
prior

!!!!!!!!!!!
information

!!!!
can

!!!!!
guide

!!!!
that

!!!!!!!!!!!!
identiÞcation.15

Figure3b displaysthe resultsof this experimentfor eachregionandseason.The available
data is only sensitiveto spatialvariability in certaincases.The model selectionframework

!!!!
Case

!!!
(e)

!!!!
(no

!!!!!!!!!!
model-data

!!!!!!!!!
mismatch

!!!!!!
errors

!!!!
and

!!!
no

!!!!!
errors

!!!
in

!!!
the

!!!!!
prior

!!!!
ßux

!!!!!!!!!
estimate)

!!!!!!
shows

!!!!!
large,

!!!!!!!!!
ubiquitous

!!!!!!!!!!!!!!
improvements;

!!!
the

!!!!!!
model

!!!!!!!!!
selectionchooses a wetland modelin > 75%of all trials

in easternCanadaduring summerandfall and in westernCanadaduring summer.In remote20

regionsof northernOntarioandQuebec,largewetlandßuxesdominatevariability in atmospheric
methane.Hence,it isunderstandablethatobservationsaremostsensitiveto thespatialdistribution
of ßuxesin this region.By contrast,the observationnetwork is largely insensitiveto spatial
variability in wetlandßuxesacrosstheUS; in mostinstances,themodelselectionframework
favors aspatially-constantmodel over a wetlandmodel for the two US

!!!
100%

!
of

!!!!
the

!!!!!
time

!!
in25

!!!!!!
almost

!!!
all

!!!!!!!
regions

!!!
and

!!!!!!!!
seasons.

!!!!
The

!!!!!!
results

!!!
for

!!!!!!!!
Eastern

!!!!!!!
Canada

!!!!!!
during

!!!!!!
winter

!!!
are

!!!!
the

!!!!!!!!!
exception.

!!
In

!!!!!!
winter,

!!!
the

!!!!!!!!
wetland

!!!!!!
model

!!!!!!
cannot

!!!!!!
always

!!!!!!!
explain

!!!!!!!
enough

!!!!!!!!!
variability

!!!
in

!!!
the

!!!!!!!!
synthetic

!!!!!!!!!!!
observations

!!
to

!!!!!!!!!
overcome

!!!
the

!!!!
BIC

!!!!!!!
penalty

!!!!!
term

!!
in

!!!!
Eq.

!!
1.

15
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!!!!
The

!!!!!!
density

!!!
of

!!!
the

!!!!!!!!!!!
atmospheric

!
CH4 !!!!!!!

network
!!!!
may

!!!!
also

!!!!!
play

!
a

!!!!
role

!!
in

!!!!!!
these

!!!!!!
results.

!!!!!!!!!
Wetlands

!!
in

!!!
the

!!!!!!!
Eastern

!!!!
US

!!!
are

!!!!!!
sparse

!!!!!!!
relative

!!!
to

!!!!!!
eastern

!!!!!!!!
Canada,

!!!
but

!!!!
the

!!!!!!
higher

!!!!!!!
density

!!
of

!!!!!!!!!!!!
observations

!!
in

!!!
the

!!!!!!!
Eastern

!!!
US

!!!!!
may

!!!!!!!!!
contribute

!!
to

!!
a

!!!!!!!!
moderate

!!!!!!!
success

!!!!
rate

!!!!!!!!!!!
(25! 50%)

!!!
for

!!!!
that

!!!!!!
region.

!!!!!!!
Recent

!!!
and

!!!!!!!!
planned

!!!!!!!
network

!!!!!!!!!!
expansions

!!!
in

!!!
the

!!!!!!
eastern

!!!!
US

!!!
and

!!!
in

!!!!!!!
Canada

!!!!!
could

!!!!
play

!!
a

!!!
key

!!!!
role

!!
in

!!!!!!
future

!!!!!!
efforts

!!
to

!!!!!!!!
constrain

!!!!!!!!
wetland

!!!!!!
ßuxes

!!!!!!
across

!!!!!
theseregions.

These
!!!!!!!
Overall,

!!!!
the

!!!!!!!!!
synthetic

!!!!!!!!!!
experiment

!
results indicate that the observation networkhas5

limited capacityto evaluatewetlandßuxesovertheUnitedStates.
!!!!!!
cannot

!!!!!!
detect

!!!!!!!
wetland

!!!!!!
ßuxes

!!!!
from

!!!
the

!!!!
US

!!!!
(i.e.,

!!!!!!
model

!!!!!!!!!
selection

!!!
has

!!
a

!!!!!!!
success

!!!!
rate

!!!!
< 50%

!
).

!
Across Canada, the results arefar

morepromising,
!!!!!
more

!!!!!!!!!
promising

!!!!
(i.e.,

!!!!!
near

!!!
100%

!!!!!!
success

!!!!
rate

!!
in

!!!!!
some

!!!!!!!!!!!!!!!
regions/seasons),

!
despite

the relative sparsity of the observation network there.Existing bottom-upmethaneestimates
arehighly uncertainacrossCanada,and the syntheticexperimentsindicatethat atmospheric10

observationscanreducetheseuncertainties.

4 Results and discussion: comparisons with atmospheric data

4.1 Spatialßux patterns
!!!!!!!!!!!
distribution

!!
of

!!!!
the

!!!!!!
ßuxes

We Þrstcompare the spatial distribution of theexistingwetland
!!!!!!!!!!!!
WETCHIMP

!
ßux estimates

againstmethaneCH4 data from the atmospheric observation network.We apply experiment15

two to real dataandreport the resultsfor regionsandseasonsthat hada high successratein
thesyntheticexperiment.Thatexperimentexaminedwhetherthespatialvariability in awetland
modelis moreusefulat describingtheatmosphericdatathana spatialconstant.We now apply
this questionto realdata:do theWETCHIMP modelshavespatialvariability thatdescribethe
realdatabetterthana spatialconstant?If so,which models?This approachindicateswhether20

eachmodelcontributespositiveinformationon the locationof wetlandßuxes
!!!
To

!!!
this

!!!!!
end,

!!!
we

!!!
use

!!
a

!!!!!!!
version

!!
of

!!!
the

!!!!!!
model

!!!!!!!!!
selection

!!!!!!!!!!
framework

!!!!
that

!!!!!!!
chooses

!!!!!!!!
wetland

!!!!!!!
models

!!!!!
based

!!!!!
upon

!!!!!
their

!!!!!!
spatial

!!!!!!!!!!
distribution

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
(Fang et al., 2014; Fang and Michalak, 2015) .

!!!!!!!!!!!!
WETCHIMP

!!!!!!!
models

!!!!
that

!!!
are

!!!!!!
chosen

!!!
by

!!!
the

!!!!!!!!!!!
framework

!!!!
have

!!
a

!!!!!!
spatial

!!!!!!!!!!!
distribution

!!!!
that

!!
is

!!!!!!
more

!!!!!!!!!
consistent

!!!!!
with

!!!!!!!!!!!
atmospheric

!!!!!!!!!!!
observations

!!!!!!!
relative

!!
to

!!!!!
those

!!!!
that

!!!!
are

!!!
not

!!!!!!!
selected.25

16
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The results of thisrealdataexperiment
!!!!!!
model

!!!!!!!!
selection

!!!!!!!
analysis

!
are displayed in Table1. This

tableonly lists the regions and seasons that had asuccessrate>75in
!!!!!!!
success

!!!
rate

!!!!!
> 50%

!!
in

!!!
the

synthetic data experimenttwo. If awetlandmodeldescribesthedistributionof ßuxesbetterthan
a spatialconstant

!
;

!!!
the

!!!!!!!!!!!!
atmosphericCH4 !!!!!!!

network
!!!
is

!!!!
most

!!!!!!!!!
sensitive

!!
to

!!!!!!!!
wetland

!
CH4 !!!!!!

ßuxesin
those regions/seasons,thenthemodelselectionframeworkshouldselectthatmodel.

Only asmallnumberof WETCHIMPmodelsareableto describethedistributionof wetland5

ßuxes(asseenvia the atmosphericobservations)betterthana spatialconstantÐbetween0 Ð
28of theavailablemodelsdependingupontheregionandseason.The

!!!
and

!!!!!!!!
seasons.

!!!!
Two

!!!
of

!!!
the

!!!!!!!!!!!!
WETCHIMP

!!!!!!!
models

!!!!!
were

!!!!!!
chosen

!!!
by

!!!!
the model selection frameworkchooses

!
Ð

!
LPJ-Bern(in

eastern CanadaandLPJ-BernandSDGVM in westernCanada)
!!!!
and

!!!!!!!!!
SDGVM

!!!
(in

!!!!!!!
eastern

!!!!
and

!!!!!!!
western

!!!!!!!!
Canada). The spatialpatternsin the remainingWETCHIMP modelsdo not perform10

betterthana spatialconstantwhencomparedto atmosphericdata.
!!!!!!!!!!
distribution

!!
of

!!!!!
these

!!!!!!!
models

!!!!!!!
improve

!!!
the

!!!!!!!!!!!
model-data

!!
Þt

!!!!!
more

!!!!!
than

!!!
the

!!!!!!!
penalty

!!!!
term

!!!
in

!!!
Eq.

!!
1.

!

The LPJ-Bern and SDGVM models have several unique spatial characteristics that could
explain these results. Over eastern Canada,the LPJ-Bernmodelconcentratesthe largest

!!!
and

!!!!!!!!
SDGVM

!!!!!!!!!!!
concentrate

!!!
the

!!!!!
large

!
ßuxes in the HBL. Other models, by contrast, often distribute15

the ßuxes more broadly across Ontario and Quebec or put the largest ßuxes in Ontario outside
of the HBL. In western Canada,the LPJ-BernandSDGVM modelsdistributeßuxesbroadly
acrossboth northern

!!!!!!!!
SDGVM

!!!!!!!!!!
distributes

!!!!!!
ßuxes

!!!!!!
across

!!!!!!!!
northern,

!!!!!!!
borealSaskatchewan and Al-

berta.A numberof otherestimateslike DLEM or CLM4Me assignrelatively small ßuxesin
theseprovincesrelativeto otherregions.20

The LPJ-Bern and SDGVM models share another common characteristic: both model wet-
land area independently instead of relying solely on remote sensing inundation datasets.LPJ-WSL

!!!
LPJ

!
-
!!!!!
WSL,

ORCHIDEE, DLEM, and CLM4Me use remote sensing inundation datasets likeGEIMS
!!!!!!!
GIEMS

(Global Inundation Extent from Multi-Satellites, Prigent et al., 2007) to construct a
!
wetland

map. Other models, like LPJ-Bern,
!!!
and

!
LPJ-WHyMe, andSDGVM also use land cover maps25

and/or land surveys to estimate wetland (or at leastmethane-producing)areaCH4 !!!!!!!!!!
-producing)

!!!!
area.

!!!!!!!!!
SDGVM

!!!!!!!!!
estimates

!!!!
this

!!!!
area

!!!!!!!!!!!!
dynamically

!!
as

!!
a

!!!!!!!!
function

!!!
of

!!!!
soil

!!!!!!!!
moisture

!
(Melton et al.,

2013; Wania et al., 2013). Wetland maps generated usingthe two
!!!!
these

!!!!!!!!
different

!
approaches

17
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show substantial differences. Remote sensing datasets estimate relatively high levels of in-
undation in regions of Canada that arenon-forested

!!!
not

!!!!!!!!
forested

!
or have many small lakes

(see further discussion in Melton et al., 2013; Bohn et al., 2015) .Independently-generatedwetland
maps,bycontrast,

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
(see further discussion in Melton et al., 2013; Bohn et al., 2015) .

!!!
By

!!!!!!!!
contrast,

!!!!!!!!
modeling

!!!!!!!!!!!
approaches

!!!!
that

!!!!!!!!!!!!
dynamically

!!!!!!!!
generate

!!!!!!!!
wetland

!!!!
area

!!!
or

!!!
use

!!!!!
land

!!!!!
cover

!!!!!!
maps

!
assign

more wetlands over regions with high water tables but little surface water
!!
as

!!!!
seen

!!!
by

!!!!!!!
remote5

!!!!!!!
sensing

!!!!!
based

!!!!!!!!!!
inundation

!!!!!!!!!
datasets). As a

!
result of these differences, models like LPJ-Bern as-

sign more wetlands andmethaneCH4 ßuxes in the HBL relative to other regions of eastern
Canada.

4.2 Flux magnitude

We next compare the magnitude of predicted concentrations using the WETCHIMP models10

against atmospheric observations
!
at

!!!!!!!!!!
individual

!!!!!!!!
locations. Unlike previous sections that utilized

model selection, this section employs severalsimple model-datatimeseries
!!!
time

!!!!!!
series, dis-

played in Fig.4.Wemodelmethaneconcentrationsatanumberof USandCanadianobservation
sitesusingWRF-STILT, the WETCHIMP ßux estimates,andanthropogenicemissionsfrom
theEDGARv4.2FT2010inventory.

!!
4. This model estimate consists of several components: the15

background (in green) is the estimatedconcentrationof methane
!!!!!!!!!!
background

!!!!!!!!!!!!!
concentration

!!
of

CH4 in clean air before entering the model domain as inMiller et al. (2013) andMiller et al. (2014)
!!!!!!!!!!!!!!!!!!!!!!!
Miller et al. (2013, 2014).

The estimated contribution of anthropogenic emissions from EDGAR v4.2FT2010 is added to
this background (in red).Note that the estimatedscalingfactorsfor EDGAR (Sect.2.3) are
1.7± 0.3 at Chibougamau,5.6± 0.5 at EastTrout Lake,2.4± 0.3 at Fraserdale,and2.5± 0.320

atParkFalls.The contribution of wetland ßuxes from the WETCHIMP models is then added to
the previous inputs, and the sum of all components (blue lines) can be compared directly against
measured concentrations.

The various WETCHIMP ßux estimates produce very different modeled concentrations at the

!!!!!!!!!!!
atmosphericobservation sites (Fig.4). Overall, modeled concentrations with the WETCHIMP25

ßuxes usually exceed themethaneCH4 measurements during summer. At Chibougamau, Fraserdale,
and Park Falls in early summer, all six WETCHIMP models predictmethaneCH4 concentra-

18
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tions that equal or exceed the observations. The ORCHIDEE, LPJ-WHyMe, and LPJ-Bern mod-
els always exceed the measurements during summer while DLEM and SDGVM better match the
observations at these sites.In contrastto theseresults,arecentstudybyBohn et al. (2015) found
that theensembleaverageis not biasedovertheWesternSiberianLowlandsrelativeto inverse
modelingestimates.Themodelsalsoshowa largespreadin that region.

!!!!!!!!
Notably,

!
a
!!!!!!!!
number

!!
of

!!!!!!!
previous

!!!!!!!
studies

!!!!!!
report

!!!!
that

!!!
the

!!!!!!!!
EDGAR

!!!!!!!!!
inventory

!!!!!
may

!!!!!!!!!!!!!
underestimate

!!!
US

!!!!!!!!!!!!!
anthropogenic

!
CH45

!!!!!!!!!
emissions

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
(e.g., Kort et al., 2008; Miller et al., 2013; Wecht et al., 2014; Turner et al., 2015) .

!!
If

!!!!!!!!
EDGAR

!!!!!!!!!!!!
underestimate

!!!!!!!!!!
emissions,

!!!!
then

!!!
the

!!!!!!!!!!!!
WETCHIMP

!!!!!!!
models

!!!!!!
would

!!
be

!!!
an

!!!!
even

!!!!!!
larger

!!!!!!!!!!!
overestimate

!!!!!!
relative

!!!
to

!!!
the

!!!!!!!!!!!
atmospheric

!!!!!
data.

MethaneCH4 models that overestimate ßuxes in North America do not always compen-
sate with smaller ßuxes elsewhere. For example, the ORCHIDEE model not only estimates10

large ßuxes over North America but also estimates higher ßuxes over the tropics than any other
model (Melton et al., 2013). Hence, the disagreement in magnitude over North America not
only reßects uncertainty in the global distribution of wetland ßuxes but also reßects uncertainty
in the global wetland budget.

4.3 Seasonal cycle15

Bottom-upmethaneCH4 ßux estimates show variableperformancewhen comparedagainst

!!!!!!!
features

!!!!!
when

!!!!!!!!!!
compared

!!
to

!
atmospheric observations, and thetemporaldistribution

!!!!!!!
seasonal

!!!!!
cycleof these estimates is no exception. Figure

!
5 compares the seasonal cycle of the existing

estimates over CanadaÕs HBL. Eastern Canada is one of the largest wetland regions in North
America (Fig.1), andunlike other regions,the observationnetwork therecandetecta clear20

wetlandsignalthroughmostof the seasonalcycle
!!!!!!
nearby

!!!!!!!!!!!!
atmospheric

!!!!!!!!!!
observation

!!!!!
sites

!!!
see

!!
a

!!!!!
much

!!!!!
larger

!!!!!
CH4!!!!!!!!!!!!

enhancement
!!!!!
from

!!!!!!!!
wetlands

!!!!!!!
relative

!!!
to

!!!!!
other

!!!!!!!
regions(Fig. 3

!
4

!!!!
and

!!!
S4).

In this region, the bottom-up estimates diverge on the seasonal cycle of ßuxes. Most estimates
predict peak ßuxes in July or August, though two variations of the LPJ model predict seasonal
peaks in September and October(

!
ÐLPJ-WHyMe and LPJ-Bern, respectively). Discrepancies25

!
.

!!!!!!!!!!!!
LPJ-WHyMe

!!
is

!!
a

!!!!!!!
module

!!!!!!
inside

!!
of

!!!!!!!!!!
LPJ-Bern,

!
a

!!!!!!!!
possible

!!!!!!!!!!!
explanation

!!!
for

!!!
the

!!!!!!!
similar

!!!!!!!!
seasonal

!!!!!
cycle

!!
in

!!!!!
these

!!!
two

!!!!!!!!
models.

!!!!!!!!!!
Differences

!
among models are also notable during the fall and spring

19
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seasons. For example, ßuxes in June account for anywhere between 6 and 21% of the annual
methaneCH4 budget, depending upon the model. Fluxes in October account for between 1 and
23% of the annual budget.

!!!!!
(Fig.

!!!!
5b).

TheÞgure
!!!!!
Figure

!!
5

!
also displays the seasonality of an inverse modeling estimate from Miller

et al. (2014) for comparison. That estimate incorporates observations from Chibougamau,
!!!!!!!!
Quebec,5

and Fraserdale,
!!!!!!!
Ontario,

!
atmospheric measurement sites that are strongly inßuenced by ßuxes

from the HBL. The discrepancies among the WETCHIMP models often exceed the 95% con-
Þdence interval of the inversion estimate.

!!!!
The

!!!!!!!!!!!!
WETCHIMP

!!!!!!!!!
estimates

!!!!
are

!!!!!
often

!!!!!!!!!!!
comparable

!!
to

!!!!!!!!!!!!!!!!!!!!
Miller et al. (2014) in

!!!!!!!!!!
magnitude

!!!!!!
during

!!!!
fall

!!!!
and

!!!!!!!
spring

!!!!!!!
months

!!!!
but

!!!!!!!
exceed

!!!
the

!!!!!!!!!
inversion

!!!!!!!
estimate

!!!
in

!!!!!!!!
summer

!!!!!!!
months

!!!!!
(Fig.

!!!!
5a).

!
On whole, the WETCHIMPestimateshaveanarrower10

!!!!!!
models

!!!!!
have

!!
a

!!!!!!!!!
narrower

!!!!!!!
relative

!
seasonal cycle than the inversion estimate, which assigns

comparativelylarger ßuxes
!!!!!
(Fig.

!!!!
5b).

!!!!!
That

!!!!!!!!
estimate

!!!!!!!
assigns

!!
a

!!!!!!!
greater

!!!!!!!
portion

!!!
of

!!!
the

!!!!!!!
annual

!!!!!!
budgetto the fall and spring shoulder seasons.A

!!!!!!!!!!
Additional

!!!!!!!!
top-down

!!!!!!!
studies

!!!!!
exist

!!!
for

!!!
the

!!!!!!
HBL,

!!!
but

!!!!!
those

!!!!!!!
studies

!!!
use

!!
a

!!!!!!!!
seasonal

!!!!!
cycle

!!!!!!
drawn

!!!!
from

!!!
an

!!!!!!!!
existing

!!!!!!!!!
bottom-up

!!!!!!
model

!!!!
and

!!!
do

!!!!
not

!!!!!!!
estimate

!!!!
the

!!!!!!!!
seasonal

!!!!!
cycle

!!!!!!!!!!!!!
independently

!!!!!
from15

CH4 !!!!!!!!!!!
observations

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
(Pickett-Heaps et al., 2011; Wecht et al., 2014; Turner et al., 2015) .

!!!
By

!!!!!!!!!!!!
comparison,

!
arecent inverse modeling study of the Western Siberian Lowlands found parallel results for that
region Ð existing models alsounder-predictthe shoulderseasonsrelative to summermonths

!!!!!!
predict

!
a
!!!!!!!!
seasonal

!!!!!
cycle

!!!!
that

!!
is

!!!!!!!!
narrower

!!!!
than

!!!
the

!!!!!!!!!!!
seasonality

!!!!!!!
implied

!!
by

!!!!!!!!!!!
atmospheric

!!!!!!!!!!!!
observations

(Winderlich, 2012; Bohn et al., 2015).20

Numerous possible explanations could underlythis discrepancy
!!!!!!!!!!
differences

!!
in

!!!!
the

!!!!!!!!
seasonal

!!!!!
cycle

!!
of

!
CH4 !!!!!

ßuxes. For example, thebottom-upmodelscould be too sensitiveto soil/air
temperature, andmaythereforeshutoff methaneemissionstooearly.Comparedto theinversion
estimate

!!!!!!!!!!!
temperature

!!!!!!!!!
threshold

!!!
for CH4 !!!!!!!!!!

production
!!!!
may

!!!
be

!!!
too

!!!!!
high

!!
in

!!!!!!
some

!!!!!!!
models.

!!!!!!!!
Relative

!!
to

!!!!!!!!
summer

!!!!!!!
months, the bottom-up models predict smallor minimal ßuxes during fall/spring25

months when air temperatures are near freezing but soils are still unfrozen (Fig.S3
!!!
S3). Ac-

cording to estimates from the North American Regional Reanalysis (NARR) (Mesinger et al.,
2006), surface soils in the HBL (0 and10cm

!!
10cm depth) begin to thaw in April and are largely

unfrozen in May (Fig.S3
!!!
S3). In the fall, surface soils (0cm cm depth) begin to freeze in Novem-

20
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ber, but deeper soils (10cmand40cm
!!
10

!!!!
and

!!
40cm) remain largely unfrozen until December.

Compared to the bottom-up models, the inversion estimate predicts a
!
wider seasonal window, a

result thatis consistentwith soil freeze/
!!!!!!
would

!!
be

!!!!!!!!!!
consistent

!!!!
with

!!!!!
dates

!!!
of

!!!!!
deep

!!!
soil

!!!!!!
freeze

!!!!
and

thaw.

5 Conclusions5

A recent model comparison study revealedsubstantialdifferencesin existing
!!!!
wide

!!!!!!!!!!
differences

!!!!!!
among

!!!!!!!
several

!
estimates of wetlandmethaneCH4 ßuxes Ð differences at global to regional

scales. In the Þrst component of this study, we usetwo increasingstringentsyntheticdata
experimentsto understandhowsensitive

!
a

!!!!!!!!
synthetic

!!!!!
data

!!!!!!!!!!
experiment

!!
to

!!!!!!!!!!
understand

!!!!!!!!
whetherthe

atmospheric observation networkis to regional-scalewetland
!!!
can

!!!!!!
detect

!!!!!!!!
wetlandCH4 ßuxes.10

We Þnd that the network can reliably identifyanatmosphericpatternfromCanadianwetlands
!!!!!!!!
aggregate

!!!!!!!
wetland

!!!!!!
ßuxes

!!!!!
from

!!!!!
both

!!!!!!!
eastern

!!!!
and

!!!!!!!
western

!!!!!!!!
Canada. The network canidentify a methane

pattern
!!!!!
detect

!!!!!!!!
wetland

!!!!!
ßuxes

!
from the eastern US in50! 75%

!
a

!!!!!!!
smaller

!!!!!!!!
fractionof trials and

rarely from the western US.The network can also detectspatialvariability in the Canadian
wetlandsourcebut rarely in theUS wetlandsource.This analysis also accounts for distracting15

signalsor patternsin the atmosphere from anthropogenic sources or simulatedmodelingerrors.
Theseresultsindicatethat uncertaintiesin currentmethanemodelscan be reduced,if those
modelsbegin to leverageavailablemethanedata.Furthermore,thesediscrepanciesindicate
a disconnectbetweenscientistswho build process-basedand/orbiogeochemicalmodelsand
scientistswho collector useatmosphericmethanedata.Improvedcollaborationbetweenthese20

two groupscould help reducepresentuncertaintiesin naturalmethaneßuxes,at leastover
Canada.

!!!!!!!!!!
atmospheric

!!!!!!!!!
transport

!!!!!!
errors.

In a
!
second component of the study, weevaluateeachexisting

!!!!!!!
analyze

!!!!!
each

!
bottom-up

methanemodel at regionalscaleCH4 !!!!!!
model

!!!!!
from

!!!
the

!!!!!!!!!!!!!
WETCHIMP

!!!!!
study

!
using real atmo-

spheric data. We Þnd thatonly 0Ð28of all modelshavea spatialpatternthat describesthe25

atmosphericdatamoreeffectivelythanaconstant.The
!!!
theLPJ-Bern and SDGVM models have

spatial distributions that are most consistent with atmospheric observations, depending upon the

21



D
iscussion

P
ap

er
|

D
iscussion

P
ap

er
|

D
iscussion

P
ap

er
|

D
iscussion

P
ap

er
|

region and season of interest. In addition, almost allexistingmodels overestimate the magnitude
of wetlandmethaneCH4 ßuxes when compared against atmospheric data at individual obser-
vation sites. Theensembleof modelsalsoappearsto estimateaseasonalcycle

!!!!!
model

!!!!!!!!!
ensemble

!!!!
may

!!!!
also

!!!!!!!!
estimate

!!
a

!!!!!!!!
seasonal

!!!!!
cycle

!!!!
for

!!!!!!!
eastern

!!!!!!!
Canada

!
that is too narrowacrossthe HBL, a

largeregionof methaneßuxesinNorth America.Overall, this studyindicatesnumerousareas5

for improvementin existing
!!!!
(i.e.,

!!!!!!
places

!!!
too

!!!!!
much

!!!
of

!!!
the

!!!!
total

!!!!!!
annual

!!!!
ßux

!!
in

!!!!
the

!!!!!!!
summer

!!!!!!!
relative

!!
to

!!!
the

!!!
fall

!!!!
and

!!!!!!
spring

!!!!!!!!
shoulder

!!!!!!!!!
seasons).

!!!!
The

!!!!!!
results

!!!
of

!!!!
this

!!!!!
paper

!!!!!!!!
suggest

!!!!!!!!
possible

!!!!!!!!!
pathways

!!
to

!!!!!!!!
improve

!!!!!!
future

!!!!!!!!!
top-down

!!!!!!!!!
estimates

!!
of

!!!!!!!
wetland

!
CH4 !!!!!!

ßuxes.
!!!!
The

!!!!!!
ability

!!!
of

!!!
the

!!!!!!!!!!!
atmospheric

!!!!!!!!!!!
observation

!!!!!!!!
network

!!!
to

!!!!!
detect

!!!!!!!!
wetland

!!!!!
ßuxes

!!!!!!!!
depends

!!!
in

!!!!!
large

!!!!
part

!!!!!
upon

!!!
the

!!!!!
prior

!!!!
ßux

!!!!!!!
model.

!!!
In

!
a
!!!!!!!!!!!!!
geostatistical

!!!!!!
inverse

!!!!!!!
model,

!!!!
this10

!!!!!
model

!!!!
can

!!!!!!!!!!!
incorporate

!!!!
land

!!!!!!!
surface

!!!!!
maps

!!
Ð

!!!!!!!
wetland

!!!!!!
maps,

!!!!!!!!!
estimates

!!
of

!!!!!
land

!!!!!!!
surface

!!!!!!!!!
processes,

!!!
and

!!!!!
maps

!!!
of

!!!!!!!!!!!!!
anthropogenic

!!!!!!!!!!
emissions

!!!!!!!
sources.

!!!!!
This

!!!!!!!!!!!
information

!!!!!
plays

!!
a

!!!!!
large

!!!!
role

!!
in

!!!!!!!!
whether

!!!!!!!!!!!
atmospheric

!!!!!!!!!!!
observations

!!!!
can

!!!!!!
detect

!!!!!!!
wetland

!!!!!!
ßuxes;

!!!!
the

!!!!!!!!!!!
observations

!!!!
can

!!!!!
more

!!!!!!!
adeptly

!!!!!!!
identify

!!!!!!!
wetland

!!!!!!
ßuxes

!!!!!
when

!!!!!!!!
accurate

!!!!!
land

!!!!!!!
surface

!!!!!
maps

!!!!
are

!!!!!!!!
available

!!
to

!!!!!!
guide

!!!!
that

!!!!!!!!!!!!!
identiÞcation.

!!!
By

!!!!!!!
contrast,

!!!!!!!!!!!!
atmospheric

!!!!!!!!
transport

!!!!
and

!!!!!!!!!!!!
measurement

!!!!!
errors

!!!!!
(i.e.,

!!!!!!!!!!
model-data

!!!!!!!!!
mismatch

!!!!!!!
errors)

!!!!
have15

!
a

!!!!!!!!!!
ubiquitous

!!!
but

!!!!!!!
smaller

!!!!!!
effect

!!
on

!!!!
the

!!!!!
utility

!!!
of

!!!!!!!!!!!
atmosphericCH4 !!!!!!!!!!!!

observations.

!!!!
The

!!!!!!
results

!!!!!!!!!
presented

!!!!
here

!!!!!
also

!!!!
hold

!!
a

!!!!!!!
number

!!!
of

!!!!!!!!!!!
suggestions

!!!
for

!!!!!!
futurebottom-upwetland

methaneestimates
!!!!!!!!
modeling

!!!!!!!
efforts:

1.
!!!!!!
Spatial

!!!!!!!!!!!!
distribution:

!!!!!!!!!!
Bottom-up

!!!!!!!!!
estimates

!!!!
that

!!!
use

!!!!!!!!
surface

!!!!!
water

!!!!!!!!!!
inundation

!!!
as

!!!
the

!!!!!
only

!!!!!
proxy

!!!
for

!!!!!!!
wetland

!!!!
area

!!!
do

!!!
not

!!!!!!!!
perform

!!
as

!!!!
well

!!!!!!!
relative

!!
to

!!!!!!!!!!!
atmospheric

!!!!!!!!!!!!
observations.

!!!!!!!!!!
Bottom-up20

!!!!!!
models

!!!!
that

!!!!
use

!!!!!!!
satellite

!!!!!!!!!!
inundation

!!!!
data

!!!!!!!
should

!!!!!!!!!!
incorporate

!!!!!!!!!!
additional

!!!!!
tools

!!!!
like

!!!!!!!
wetland

!!!!!!!!
mapping

!!
or

!!!!!!!!
dynamic

!!!!!!!!!
modeling

!!
to

!!!!!!!
capture

!!!!!!!!!
wetlands

!!!!!!!
covered

!!!
by

!!!!!!!!!!
vegetation.

2.
!!!!!!!!!!
Magnitude:

!!!!!!!!
Existing

!!!!!!!!!
top-down

!!!!!!
studies

!!!!
that

!!!!
use

!
a

!!!!!!!
diverse

!!!!!
array

!!
of

!!!
in

!!!
situ

!!!!
and

!!!!!!!
satellite

!
CH4

!!!!!!!!!!!
observations

!!!!!
show

!!!!!
good

!!!!!!!!!!
agreement

!!
on

!!!
the

!!!!!!!!!!
magnitude

!!
of

!
CH4 !!!!!

ßuxes
!!!!!
from

!!!
the

!!!!!!!
Hudson

!!!!
Bay

!!!!!!!!!
Lowlands

!!!!!!
(HBL)

!!!!!!
region

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
(e.g., Pickett-Heaps et al., 2011; Miller et al., 2014; Wecht et al., 2014; Turner et al., 2015) .25

!!!!!
These

!!!!!!!
studies

!!!!!
could

!!!
be

!!!!!
used

!!
to

!!!!!!!!
calibrate

!!!!
the

!!!!!!!!!
magnitude

!!!
of

!!!!!!
future

!!!!!!!!!!
bottom-up

!!!!!!!!!
estimates,

!!
at

!!!!
least

!!!!
over

!!!
the

!!!!!
HBL

!!!!!!
where

!
CH4 !!!!!!!!!!!

observations
!!!!!!!
provide

!!
a

!!!!!!
strong

!!!!!!!!!
constraint

!!
on

!!!!!!!!
wetland

!!!!!!
ßuxes.

22



D
iscussion

P
ap

er
|

D
iscussion

P
ap

er
|

D
iscussion

P
ap

er
|

D
iscussion

P
ap

er
|

3.
!!!!!!!!
Seasonal

!!!!!
cycle:

!!!!!!!!!!
Bottom-up

!!!!!!!
models

!!!
do

!!!
not

!!!!!
show

!!!!!!!!!
consensus

!!!
on

!!!
the

!!!!!!!!
seasonal

!!!!!
cycle

!!
of

!!!!!!!
wetland

!!!!!
ßuxes

!!!!!!
across

!!!!!!!!
Canada.

!!!!!
Few

!!!!!!!!!
top-down

!!!!!!!
studies

!!!!!!!!
estimate

!!!
the

!!!!!!!!!
seasonal

!!!!!
cycle

!!!!!!!!!!!!!
independently

!!!!!
using

!!!!!!!!!!!
atmospheric

!!!!!!!!!!!!
observations.

!!!!!!!!!!
Additional

!!!!!!!!!
top-down

!!!!!!!
studies

!!!!!!
would

!!!!!!!
indicate

!!!
the

!!!!!!
range

!!
of

!!!!!!!
seasonal

!!!!!!
cycle

!!!!!!!!!
estimates

!!!!
that

!!!
are

!!!!!!!!!!
consistent

!!!!
with

!!!!!!!!!!!!
atmospheric

!!!!!!!!!!!!
observations,

!!!!!!!!!!!
particularly

!!!!!!
studies

!!!!
that

!!!
use

!!
a

!!!!!!!
diverse

!!!
set

!!
of

!!!!!!!!!!!
atmospheric

!!!!!!!
models

!!!!!!
and/or

!!!!!!!
diverse

!!!!!!!!!!!!
observational

!!!!!!!!
datasets.

!!!!!
These

!!!!!!!
efforts

!!!!!
could

!!!!!
help

!!!!!!!!!
reconcile

!!!!!!!!!!
differences

!!!
in

!!!!
the

!!!!!!!!
seasonal

!!!!!
cycle

!!!!!!!
among

!!!!!!!!!!
bottom-up5

!!!!!!
models

!!!!
and

!!!!!!!!
between

!!!!!!!!!!
bottom-up

!!!!!!
models

!!!!
and

!!!
the

!!!!!
few,

!!!!!!!
existing

!!!!!!!!!
top-down

!!!!!!!
studies.

!

!!!!!
These

!!!!!
steps

!!!!
will

!!!!!!!!!
hopefully

!!!!
lead

!!!
to

!!!!!
better

!!!!!!!!!!!!
convergence

!!!!!!
among

!!!!!!!!
wetlandCH4 !!!!!!!!

estimates
!!!
for

!!!!!!
North

!!!!!!!!
America.

!

The Supplement related to this article is available online at
doi:10.5194/bgd-0-1-2015-supplement.10
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Table 1.Spatial
!!!
ßux

!
patterns chosen by the model selection framework

!
.

Region season
!!!!!!
Season Modelschosenoveraconstantmodelname(s)

!!!!!!
Chosen

!!!!!!
models

!

E. Canada summer 1 of 7 LPJ-Bern
!
,

!!!!!!!
SDGVM

!
E. Canada fall 0 of 7

!!!!!!!!
LPJ-Bern

!
W. Canada summer 2 of 7 LPJ-Bern,SDGVM
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Figure 1.Mean of the annual methane ßuxes estimated by the WETCHIMP models(a)
!!
(a) and the range

of ßuxes estimated by the ensemble(b)
!!!
(b). Note that the range in estimates is larger than the mean. The

ßuxes shown above areaveragedoveranentiregrid cell
!!
the

!!!!!!!
average

!!!!
ßux

!!!
per

!!!
m2

!!
of

!!!!
land

!!!!
area, not per m2

of wetlands
!!!!!!!
wetland

!!!
area.
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Data and regions used in the BIC experiments

Figure 2. The US and Canadian atmospheric methane observation network for 2007Ð2008 (14, 703 total
observations). Small yellow dots indicate observations from the START08 measurement campaign (Pan
et al., 2010). Larger dots indicate tower and aircraft sites with regular observations over the two year
period (Andrews et al., 2014). The grey background delineates the four regions used in the synthetic data
experiments (sect

!!!
Sect. 2.2).
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a) Regular case              b) No anthropogenic emissions  c) No model-data mismatch errors
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Figure 3. This Þgure displays the results of the synthetic data experiments. These experiments examine
whether the observation network can(a) identify a methanepatternfrom

!!!!!
detect

!!!!!!!!
aggregatewetlandCH4

ßuxesand(b) identify spatialvariability in thewetlandßuxes. The Þgure shows the percentage of trials
that are successful. Darker shades indicate that the network is more sensitive to

!!!!!!
wetland

!
ßuxes in the

given region and season.
!!!!!
Panel

!!!
(a)

!!!!!
shows

!!!
the

!!!!!!
results

!!!
for

!!!
the

!!!!!!!
standard

!!!!!
setup

!!!!!
while

!!!!!!
panels

!!!!
(b-e)

!!!!
show

!!!
the

!!!!!
results

!!
of

!!!!!!
several

!!!!
test

!!!!
cases

!!!
in

!!!!!
which

!!!!!!!!!!!!
anthropogenic

!!!!!!!!
emissions

!!
or

!!!!!!!!
different

!!!!!
errors

!!!
are

!!!
set

!!
to

!!!!
zero.
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Figure 4. These time series compare atmospheric methane measurements at several observation sites
against model estimates using the WETCHIMP ensemble and the EDGAR v4.2FT2010 anthropogenic
emissions inventory.The rangeof estimates

!!!!
Refer

!!
to

!!!!
Fig.

!!!
S4

!!!
for

!!!!!!!!!!
model-data

!!!!
time

!!!!!
series

!!
at

!!!!!!!!!
additional

!!!!
sites,

!!!!!!!!!!
particularly

!!!!
sites

!!!
that

!!!
are

!!!!!!
distant

!
from thevariousWETCHIMPmodelsis large

!!!!!!!
wetlands.
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Figure 5. The seasonal cycle in methane ßuxes estimated for theHudsonBay Lowlands(HBL ;
!
(50Ð

60! ! N, 75Ð96! ! W). We include both the WETCHIMP estimates and an inverse modeling estimate from
Miller et al. (2014).Each

!!!!!
Panel

!!
(a)

!!!!!!!
displays

!!!
the

!!!!!!!
monthly

!!!!!!
budget

!!!!
from

!!!!!
each

!!!!!!!
estimate

!!!!!
while

!!!
(b)

!!!!!!
displays

!!!!
eachmonthis displayedas apercentage of the annual budget estimated by agiven model.Thisapproach
highlights differencesin the seasonalityof the modelsand controls for differencesin magnitude.In
general,theWETCHIMPmodelsestimateanarrowerseasonalcyclerelativeto Miller et al. (2014) .
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This supplement provides more detail on the atmospheric observations, the wetland methane

!!!!!!
(CH4)

!
ßux estimates, and the statistical methods used throughout the paper.

S1 Atmospheric observation sites

Here we describe, in greater depth, the atmosphericmethane
!!!!!
CH4 observations collected across

the US and Canada in 2007Ð2008. The observations used here areidentical to
!!!
the

!!!!!
same

!!!
asthose5

in Miller et al. (2013) and Miller et al. (2014b), and the discussion below summarizes the data
descriptions in those papers.

The methane
!!!!
CH4!

analysis in the main article uses either real or synthetic data at US and
Canadian observation sites Ð a total of 14, 703 observations. Of those measurements, 2, 009 are
from observation towers in Canada. These towers (from east to west) include Chibougamau,10

Quebec (CHM, 50! N, 74! W, 30m above ground level); Fraserdale, Ontario (FSD, 50! N, 83! W,
40m agl); East Trout Lake, Saskatchewan (ETL, 54! N, 104! W, 105m agl); and Candle Lake,
Saskatchewan (CDL, 54! N, 105! W, 30m agl, 2007 only). These sites, operated by Environment
Canada, measuremethane

!!!!
CH4!

continuously. In this study, as in Miller et al. (2014b), we use
only afternoon averages of themethane

!!!!!
CH4 data and WRF-STILT model output (1pm - 7pm15

local time); small scale heterogeneities in the continuous data caused by turbulent eddies and
incomplete mixing make it di! cult to model Þner 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. These20

observations include daily ßask 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), MarthaÕs Vineyard, Massachusetts (MVY, 41! N, 71! W, 12m agl); Niwot Ridge and Niwot
Forest, Colorado (NWF, NWR, 40! N, 105! W, 2,3,23m agl); Ponca City, Oklahoma (SGP, 37! N,25

97! W, 60m agl); West Branch, Iowa (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 agl).

A further 7710 methane
!!
7

!!!
710

!!!!!
CH4!

measurements were obtained from ßask samples on
regular NOAA aircraft ßights and from the START08 (Stratosphere-Troposphere Analyses of
Regional Transport 2008) measurement campaign (Pan et al., 2010). As in Miller et al. (2013),30

we only use aircraft observations up to2500m
!
2

!!!!!!
500mabove ground level. Observations at higher

altitudes are less sensitive to surface emissions and were instead used byMiller et al. (2013)
to optimize the empirical methane boundary condition

!!!!!!!!!
estimated

!!!!!
CH4!!!!!!!!!!

boundary
!!!!!!!!!!
condition

!!
or

!!!!!!!!!!!
background

!!!!!!!!!!!!!!!
concentrations. In this study, we only use aircraft and tower-based observations

collected during daytime hours.35

We further screen the data for biomass burning inßuence 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. (2014b). When these sites see inßuence from distant anthropogenic
emissions, CO is often elevated, but it rarely exceeds 200 ppb except during time periods with
known Þres (Miller et al. , 2008).40

S2 WETCHIMP methane
!!!!!!
CH 4!

ßux models

This section of the supplement details the WETCHIMP methane
!!!!
CH4!

estimates from Melton
et al. (2013) and Wania et al. (2013). The sevenmethane

!!!!!
CH4 estimates used in this study are

shown in Fig. S1. The wetland methane
!!!!!
CH4 ßuxes estimated by these models varies widely

Ð both in magnitude and in spatial distribution. For example, the SDGVM model places large45

ßuxes over the US Corn Belt relative to other regions while other models like Orchidee place

1



large ßuxes in Northern Canada that extent far into the Northwest Territories. For a more
in-depth inter-comparison of these ßux estimates, refer toMelton et al. (2013) and Wania et al.
(2013).

S3 The synthetic data
!!!!!!!!!!!!!!!
Additional

!!!!!!!!!!!!!!!!!
information

!!!!
on

!!!!!
the

!!!!!!!!!!
model

!!!!!!!!!!!!
selection50

!!!!!!!!
setup

In the main article, we use synthetic methane data to explore the sensitivity of atmospheric
observationsto wetland ßuxes(sections

!!!!
CH4!!!!!

data
!!!!!
and

!
a

!!!!!!!
model

!!!!!!!!!
selection

!!!!!!!!!!
framework

!!!
to

!!!!!!!!
examine

!!!!!!!!
whether

!!!!!!!!!!!!
atmospheric

!!!!!!!!!!!!!
observations

!!!!
can

!!!!!!
detect

!!!!!!!!!!
aggregate

!!!!!!!!
wetland

!!!!!
CH4!!!!!!!

ßuxes
!!!!!!
(Sect.

!
2.2 and 3).

This section describesin greater detail how we construct this synthetic data .
!!!!
Þrst

!!!!!!!!!
describes55

!!!
the

!!!!!!!!!
synthetic

!!!!!
data

!!!!!!!!!!!!!
experiments

!!!!!!
(Sect.

!!!!
2.2)

!!!!!!!!!
followed

!!!
by

!!!!!!!!!!
additional

!!!!!!
detail

!!!
on

!!!!
the

!!!!!!
model

!!!!!!!!!
selection

!!!!
runs

!!!!!
that

!!!!
use

!!!!
real

!!!!!
data

!!!!!!
(Sect.

!!!!!!
2.3).

!
The methods described here are adapted fromFang et al.

(2014)and
!
,
!
Shiga et al. (2014), and

!!!
? ,

!!!!!
and the discussion below parallels the descriptions in

those studies.
The synthetic observations include contributions from anthropogenic sources, from wetlands,60

and from simulated model and measurement errors:

zsynthetic = H (santhro + swetland ) + ! (S1)

In this equation, zsynthetic (n ! 1) represents the synthetic observations generated for an ob-
servation site. The vector santhro (m ! 1) represents emissions from anthropogenic sources,
and swetland (m ! 1) represents wetland ßuxes. The footprint or sensitivity matrix H (n ! m),
generated from WRF-STILT, models the impact of these emissions at the observation sites.65

In this study, we use the a priori anthropogenic emissions estimates fromMiller et al. (2013)
and Miller et al. (2014b) 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

!!!!!
CH4 emissions (e.g., human or ruminant population maps).70

The wetland ßuxes (swetland ) in Eq. S1 are taken from the WETCHIMP methane
!!!!
CH4!

ßux
models (experiment two in Melton et al. (2013)). We useonly four of the sevenWETCHIMP
modelsto generatesynthetic data : CLM4Me, DLEM, LPJ-WSL, and SDGVM. Thesemodels
have an overall magnitude that most closely matchesthe methane budgets estimated by three
recent top-down studiesover CanadaÕs

!!!
For

!!!
the

!!!!!!!!!
synthetic

!!!!!
data

!!!!!!!!!!!!!
experiments,

!!!
we

!!!!!
scale

!!!!!
these

!!!!!!!
models75

!!
to

!!!!!!
match

!!!!
the Hudson Bay Lowlands (HBL) (Pickett-Heaps et al., 2011; Miller et al. , 2014b; Wecht et al., 2014) .

The magnitude of these four models is likely the most realistic among the WETCHIMP ßux
estimates. The other WETCHIMP models, in contrast, predict much higher ßuxes (Fig. 4).

!!!!!!!
budget

!!!!!!!!!
estimated

!!!
by

!!!!!!!!!!!!!!!!!!!!!!!!!!!!
Pickett-Heaps et al. (2011) ,

!!!!!!!!!!!!!!!!!!!!!
Miller et al. (2014b) ,

!!!!
and

!!!!!!!!!!!!!!!!!!!!
Wecht et al. (2014) .

!!!!
This

!!!!!!!
scaling

!!!!!!!!
ensures

!!!!!!
more

!!!!!!!!!!
consistent

!!
or

!!!!!!!!!!!!!!
representative

!!!!!!!!
results.

!!!!!
The

!!!!!!
larger

!!!!
the

!!!!!!!!
wetland

!!!!!
ßux,

!!!
the80

!!!!!
more

!!!!!!
likely

!!!!
that

!!!!
the

!!!!!!!!!!!!
observation

!!!!!!!!
network

!!!!
can

!!!!!!!
detect

!!
a

!!!!
CH4!!!!!!!ßuxes

!!!!!
from

!!!!!!!!!!
wetlands.

!!!!!!!!!!
Therefore,

!!
if

!!
we

!!!!!!!!!
conduct

!!!!
the

!!!!!!!!!
synthetic

!!!!!
data

!!!!!!!!!!!!
experiment

!!!!!!
using

!!
a

!!!!
ßux

!!!!!!!
model

!!!!!
that

!!!!
has

!!!
an

!!!!!!!!!!!!!
anomalously

!!!!!
large

!!!!!!!!!!!
magnitude,

!!!
we

!!!!!!
would

!!!!!!!!!!!!!!!
concomitantly

!!!!!!
obtain

!!!!!!!!!!!!!
anomalously

!!!!!!!!!!
optimistic

!!!!!!!!
results.

!

As in Miller et al. (2013) and Miller et al. (2014b), the emissions (santhro and swetland ) are
regridded to a spatial resolution of 1� latitude by 1 � longitude. The EDGAR activity data do85

not have any seasonality, so the anthropogenic emissions (santhro ) are seasonally invariant. The
WETCHIMP models have a monthly temporal resolution, as in Melton et al. (2013). That
study provides ßux estimates for the years 1993-2004; we use the mean of these ten years for
all analysis in this study.

The Þnal term in equation S1, ! (n ! 1), represents simulated errors in the measurements,90

in WRF-STILT, and in the ßuxes ( santhro and swetland ). The magnitude and spatial/temporal

2
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Figure S1: Annual mean wetlandmethane
!!!!
CH4!

ßuxes from seven di! erent WETCHIMP esti-
mates (Melton et al., 2013; Wania et al., 2013). The ßuxes shown here are averaged over the
1993-2004 study period. Note that the ßuxes shown above are averaged over the entire grid
cell, not per m2 of wetlands.
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structure of theseerrorswereestimatedin Miller et al. (2013) for the USand Miller et al. (2014b) for
Canada. The remainder of this section details the speciÞccalculations for simulating

!!!!!!
errors

!!
in

! .
The errors in ! are distributed according to the covariance matrix ! (n ! n) (Eq. 1):

! " N (0, ! ) (S2)

! = HQH T + R (S3)

The variances and covariances within! fall into two di ! erent categories. The Þrst category95

are errors due to imperfect emissions, described by covariance matrixQ (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 Ð di! erences between the prior

!!!!!
ßuxes

!
and the unknown

true emissions over long spatial or temporal scales. The o! -diagonal elements ofQ describe any
spatial and/or temporal covariances in these di! erences. In Eq.S3, the footprint or sensitivity100

matrix ( H ) projects Q from units of (ßux) 2 into units of parts per billion squared, (ppb)2.
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 ßux estimate. Examples of model-data mismatch errors
include measurement error, atmospheric transport error, or errors due to the spatial or temporal105

resolution of WRF-STILT. Over the United States, we

!!!!
The

!!!!!!!!!
synthetic

!!!!!
data

!!!!!!!!!!!
simulations

!!!
in

!!!!
this

!!!!!
study

!!!!
use

!!!!!!
values

!!!
of

!!
Q

!!!!
and

!!
R

!!!!!!!!!!
estimated

!!
in

!!!!!!!!!!!!!!!!!!!!!!!
Miller et al. (2013) and

!!!!!!!!!!!!!!!!!!!!!
Miller et al. (2014b) .

!!!
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 forR

and Q that wereestimatedby Miller et al. (2013) using WRF-STILT and the sameatmospheric110

methane observations
!!!
and

!!!
R

!!!!!
that

!!!!
are

!!!!!!!!!!!!!!!
representative

!!
of

!!!!!!
what

!!!!
one

!!!!!!!
would

!!!!!!
likely

!!!!!!!!!!!
encounter

!!
in

!
a

!!!!!!!!!!
real-data

!!!!!!
setup.

!!!!!!!!!!!!!!!!!!!!!!!!
Miller et al. (2013) and

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
Miller et al. (2014b) constructed

!!!!!
real

!!!!!
data

!!!!!!!
inverse

!!!!!!!
models

!!!!!
over

!!!
the

!!!!
US

!!!!!
and

!!!!!!!!!
Canada,

!!!!!!!!!!!!
respectively,

!!!!!!
using

!!!!
the

!!!!!!
same

!!!!!!!!!!!!
atmospheric

!!!!!!!!!!!!!
observations

!!!!
and

!!!!!!!!!!!!
WRF-STILT

!!!!!!!!!!!!
simulations

!
used in this study. Similarly, we usevalues for R and

!!!!!!
Those

!!!!!!!
studies

!!!!
used

!!
a

!!!!!!!
model

!!!!!!!!!
selection

!!!!!!!!!!
framework

!!!
to

!!!!!
Þnd

!!!!!
prior

!!!!!!!
models

!!!!!
that

!!!!!!
show

!!!!!!!!
optimal

!!!
Þt

!!!!!!!
against

!!!!!!!!!
available115

!!!!!!!!!!!!
observations.

!!!
In

!!!!!
each

!!!!!!
study,

!!!!
the

!!!!!!!
authors

!!!!!
then

!!!!!!!!!!
estimated

!!!
the

!!!!!!!!!
elements

!!
of

!!!
Q

!!!!
and

!!
R

!!!!!!
using

!!!!
that

!!!!!
prior

!!!!!!
model.

!!!!!
The

!!!!!!!!!
resulting

!!!!!!!!!!
estimates

!!
of

!
Q over Canadathat wereestimated in Miller et al. (2014b) ,

a parallel inverse modeling study over that country
!!!
are

!!!!!!!!!!!!!!
representative

!!!
of

!!!!!!
prior

!!!!!!!
models

!!!!!
that

!!!!!!
shows

!!!!!!!!
optimal

!!!!!!!!!!
agreement

!!!!!
with

!!!!!!!!!!!!
atmospheric

!!!!!!!!!!!!!
observations.

!!!!
For

!!!!!
case

!!!!!!
study

!!!
(b)

!!!!
(no

!!!!!!!!!!!!!!
anthropogenic

!!!!!!!!!!
emissions),

!!!!
we

!!!!!!!!!
estimate

!!
Q

!!!!!!
using

!!!!
the

!!!!!!
same

!!!!!!!!!
approach

!!!
as

!!!
in

!!!!!!!!!!!!!!!!!!!!
Shiga et al. (2014) .

!!!
In

!!!!!
that

!!!!!!
study,120

!!!
the

!!!!!!!!
authors

!!!!!
used

!!!!
the

!!!!!!!!!!
estimated

!!!!!!!!!
variances

!!!!!
and

!!!!!!!!!!!
covariances

!!!
of

!!!
the

!!!!!!!!!!!
remaining

!!!!!!
ßuxes

!!!
(in

!!!!!
this

!!!!
case

!!!!!!!
wetland

!!!!!!!
ßuxes)

!!!
to

!!!!!!!!!
populate

!!!
Q.

In order to simulate
!!!
the

!!!!!
real

!!!!!
data

!!!!!!!!!!!!
experiments

!!!!!!
(Sect.

!!!!!
2.3),

!!!!
we

!!!!!!!!!
estimate

!!!!!!!
unique

!!!!!!
values

!!!
of

!!
Q

!!!!
and

!!
R

!!!!!
each

!!!!!
time

!!!!
we

!!!!
run

!!!
the

!!!!!!!
model

!!!!!!!!!
selection

!!!!!!!!!!!
framework.

!!!!!
We

!!!!!!!!
estimate

!!!!!!
these

!!!!!!!!!!!!
parameters

!!!!!
using

!!!!!!!!!!
Restricted

!!!!!!!!!!
Maximum

!!!!!!!!!!
Likelihood

!!!!!!!!
(RML)

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
(Corbeil and Searle, 1976; Kitanidis , 1995; Michalak et al., 2004; Gourdji et al. , 2012) ,125

!!!
the

!!!!!!
same

!!!!!!!!!!
procedure

!!!!!
used

!!
in

!!!!!!!!!!!!!!!!!!!!!!!
Miller et al. (2013) and

!!!!!!!!!!!!!!!!!!!!!!
Miller et al. (2014b) .

!

!!!
We

!!!!
use

!!!!!!
these

!!!!!!!!!!!
covariance

!!!!!!!!!
matrices

!!
to

!!!!!!!!!
compute

!
! , we next

!!!!!!!
through

!!!!!!!
several

!!!!!!!
steps.

!!!!!!
First,

!!!
we

compute the Cholesky decomposition of
!!!
the

!!!!!!!!!!
combined

!!!!!!!!!!
covariance

!!!!!!!!
matrix ! :

! = CC T (S4)

The covariance matrix ! has units of (ppb)2, but its Cholesky decomposition (C) has units of
ppb, a fact that will becomeuseful in the next step. With this decomposition in hand, we

!!!!
next

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)

!!!
(b) US observation net-

works. The observation sites incorporated into this Þgure are shown in Fig.2. Each individual
footprint (associated with an individual atmospheric observation) has units of concentration
per unit ßux (ppb per µmol m! 2 s! 1). In this Þgure, we sum all footprints for 2007Ð2008.

whereu represents a set of randomly-generated numbers with a mean of zero and variance of
one.130

We simulate 1000 synthetic datasets for each experiment to adequately sample the random
errors in ✏. We then use the model selection framework to Þnd the optimal candidate model for
each of these datasets. The results presented in Fig.3 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 e�ciency of these135

model selection runs. Furthermore, we estimate the coe�cients (�) in Eq. 1 using Lagrange
multipliers to ensure that none of the estimated coe�cients have unrealistic negative values
(e.g., Miller et al. , 2014a).

!!
In

!!!!
the

!!!!!
real

!!!!!
data

!!!!!!
setup

!!!!!!
(Sect.

!!!!!!
2.3),

!!!
we

!!!!
run

!!!!
the

!!!!!!!
model

!!!!!!!!!
selection

!!!!!!!!!!
procedure

!!!!!
once

!!!!
for

!!!!!
each

!!
of

!!!
the

!!!!!!
seven

!!!!!!!!!!!!!!
WETCHIMP

!!!!
ßux

!!!!!!!!!!!
estimates.

!!!!
We

!!!!!
only

!!!!!!!!
include

!!!!
one

!!!
of

!!!!
the

!!!!!!
seven

!!!!!!!!!!!!!!
WETCHIMP

!!!!
ßux140

!!!!!!!
models

!!
in

!!!!!!
each

!!!!!!
model

!!!!!!!!!
selection

!!!!!
run.

!!!!!
As

!!
a

!!!!!!!
result,

!!!!
the

!!!!!!!!!!!!!
WETCHIMP

!!!!!!!!
models

!!!
do

!!!!
not

!!!!!!!!!
compete

!!!!!!!
against

!!!!
one

!!!!!!!!
another

!!!!
for

!!!!!!!!!
selection.

!!!!
In

!!!!!
each

!!!!!
run,

!!!!
the

!!!!!!
model

!!!!!!!!!
selection

!!!!!!!!!!!
framework

!!!!
can

!!!!!!
select

!!!!
the

!!!!!
given

!!!!!!!!!!!!!!
WETCHIMP

!!!!!!
model

!!!
in

!!!!
any

!!
of

!!!!
the

!!!!!
four

!!!!!!!!!!!
geographic

!!!!!!!
regions

!!!!
and

!!!!
any

!!!
of

!!!!
the

!!!!
four

!!!!!!!!!
seasons.

S4 Sensitivity
!!!!!!!!!!
Overall

!!!!!!!!!!!!!!!
sensitivity

!
of the observation network to

surface
!!!!!!
CH4!

fluxes145

In this section, we describe the overall
!!!!!!!!
footprint

!!!
or

!
sensitivity of the observation network to

methane
!!!!
CH

4 !
ßuxes. This sensitivity will play at least some role in networkÕs ability toidentify

a signal from wetlands
!!!!!
detect

!!!!!!!!!
wetland

!!!!!
CH

4!!!!!!!
ßuxes. The WRF-STILT model quantiÞes this

sensitivity in terms of a footprint. Each row the matrix H is the footprint associated with a

5
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Figure S3: This Þgure displays the fraction of soil water that is unfrozen for the HBL in di! erent
seasons and at di! erent soil depths. Estimates are taken from NARR (Mesinger et al., 2006).

di! erent atmosphericmethane
::::
CH

4:
observation. In Fig. S2, we plot these footprints, summed150

over all of 2007Ð2008.
This Þgure 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 Ð Wisconsin, Texas/Oklahoma, and California, among other regions.155

S5 Soil 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 Þgure in a discussion of themethane

::::
CH

4:
ßux seasonal cycle (Sect.4.3)

:
.
:

160

S6
:::::::::::::::
Additional

:::::::::::::::::
model-data

:::::::
time

:::::::::
series

::::
This

::::::::
section

::::::::
includes

:::::::::::
additional

::::::::::::
model-data

:::::
time

::::::
series

::::::::::
analogous

:::
to

::::::
those

:::
in

:::::
Fig.

:::
4.

::::::
That

:::::
Þgure

::::::::::
compares

:::::::::
averaged

:::::::::::::::
concentrations

:::::::::
modeled

:::
by

::::::::::::::
WRF-STILT

:::::::
against

::::::::::::::::::
monthly-averaged

::::::::::::
observations

:::
at

::::
four

:::::::::
di! erent

::::::::::::
observation

:::::
sites.

:::::
The

:::::
sites

::::::::::
displayed

:::
in

:::::
that

::::::
Þgure

::::
are

:::::::
located

::::
near

::::::
large

:::::::::
wetlands

::::
and

:::
in

::::::::
regions

::::::
where

::::
the

::::::::::
synthetic

:::::
data

::::::::::::
experiments

:::::
had

::
a

:::::
high

:::::::
success165

::::
rate

:::::
(Fig.

::::
3).

:::::
The

:::::
sites

:::::::::
displayed

:::
in

::::
Fig.

::::
S4

::
in

:::::
this

:::::::
section

::::
are

::::::::
located

:::::::
further

:::::
from

:::::::::
wetlands

::::
and

::
in

::::::::
regions

:::::
that

::::
had

::
a
::::
low

::::::::
success

:::::
rate

::
in

::::
the

:::::
BIC

:::::::::::::
experiments.

::::
At

::::::
many

:::
of

::::
the

:::::
sites

::
in

::::
Fig.

::::
S4,

::::
the

::::::::
modeled

::::::::
wetland

:::::::
signal

::
is

::::::::
di" cult

:::
to

:::::::::::
distinguish.

:::::::
These

:::::
sites

:::::::::
contrast

:::::
with

:::::
those

::
in

::::
Fig.

::
4
:::::::
which

:::::
ÒseeÓ

::
a
::::::::::
relatively

:::::
large

:::::
CH

4::::::::::
increment

:::::
from

::::::::::
wetlands.

:
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Figure S4:
::::
This

::::::
Þgure

:::
is

::::::::::
analogous

:::
to

::::
Fig.

::
4
:::::
and

::::::::
displays

::::::::::::::::::
monthly-averaged

:::::::::::
model-data

:::::
time

:::::
series

:::
for

:::::::::::
additional

::::::::::::
atmospheric

::::::::::::
observation

:::::
sites.
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S7
:::::::::::::::::
Uncertainty

:::
in

::::::
the

:::::::::::::::::
model-data

::::::::::::::::
framework170

::
A

::::::::
number

::
of

::::::::::
modeling

::::
and

::::::::::::::
measurement

:::::::::::::
uncertainties

:::::::::
inßuence

::::
the

:::::::
results

::::::::::
presented

:::
in

::::
this

::::::
paper.

:::::::
These

::::::::::::
uncertainties

::::
are

:::::::::
discussed

::
in

::::::
detail

:::
by

::::::::::::::::::::
Miller et al. (2013) ,

:::::::::::::::::::::
Miller et al. (2014b) ,

::::
and

:::::::::::::::::::::
Miller et al. (2014a) .

:::::
This

:::::::
section

:::::::::
provides

::
a

:::::::::
summary

:::
of

::::::
those

:::::::::::
discussions.

:

::::
The

:::::::
model

:::::::::
selection

::::::::::
framework

:::
in

::::
this

::::::
study

:::::::::
accounts

::::
for

:::::::::
modeling

:::
or

:::::::::::::
measurement

::::::
errors

::
in

:::
the

:::
R

::::::::::
covariance

:::::::
matrix

:::::
(Eq.

:::::
S3).

:::::
This

:::::::::::
covariance

:::::::
matrix

::
is

::::::::
typically

:::::::::
included

:::
in

:
a
:::::::::
Bayesian175

:::::::::
synthesis

::
or

:::::::::::::
geostatistical

::::::::
inverse

::::::
model

:::::::::::::::::::::::::::::
(e.g., Michalak et al., 2004) .

::::
The

:::::::
errors

:::::::::
described

:::
by

::
R

:::
are

:::::::::::
collectively

::::::::
referred

:::
to

:::
as

:::::::::::
model-data

::::::::::
mismatch

:
Ð
::::
any

::::::
errors

:::
in

:::
the

::::::::::::
model-data

::::::::::
framework

::::
that

::::
are

:::::::::
unrelated

:::
to

:::
an

:::::::::
imperfect

:::::
ßux

:::::::::
estimate.

:::::
This

::::::::::
mismatch

::::::::
includes

:::::::
errors

::
in

::::
the

::::::::
modeled

::::::
winds,

::::::
errors

:::
in

:::
the

:::::
CH

4 :::::::::
boundary

::::::::::
condition,

:::::
and

:::
any

:::::::
errors

:::
due

:::
to

:::
the

::::::
Þnite

:::::::
spatial

::
or

:::::::::
temporal

:::::::::
resolution

:::
of

::::
the

:::::::
model,

::::::::
among

:::::
other

:::::::::
possible

:::::
error

:::::::::
sources.

:::::
This

::::::::
section

:::
of

::::
the

:::::::::::
supplement180

::::
Þrst

:::::::::
discusses

::::
the

:::::::
overall

:::::::::::
magnitude

:::
of

:::::
these

::::::::::::
model-data

::::::::::
mismatch

:::::::
errors

::::
and

:::::
then

:::::::::
discusses

::::::::::
individual

::::::::::::
components

::
of

::::
the

:::::::::::
model-data

:::::::::::
mismatch,

:::::::::
including

:::::::::
potential

::::::
errors

:::
in

:::
the

::::::::::
estimated

:::::
winds

:::::
and

::
in

::::
the

::::::::::
boundary

::::::::::
condition.

:

:::::
Both

:::::::::::::::::::::::
Miller et al. (2013) and

::::::::::::::::::::::::::::::
Miller et al. (2014b) estimate

::::
the

:::::::::::
magnitude

:::
of

:::::::::::
model-data

:::::::::
mismatch

::::::
errors

::::
for

:::::::::::
observation

:::::
sites

:::
in

:::
the

::::
US

::::
and

:::::::::
Canada,

::::::::::::
respectively.

::::::
These

::::::::
studies

:::::
used

:
a185

:::::::::
procedure

:::::::
known

:::
as

:::::::::::
Restricted

::::::::::
Maximum

:::::::::::
Likelihood

::::::::
(RML)

::
to

:::::::::
estimate

::::
the

::::::::::::
parameters

::::
that

::::::
deÞne

:::::
both

:::
the

::
R

::::
and

:::
Q

::::::::::
covariance

:::::::::
matrices

:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(e.g., Corbeil and Searle, 1976; Kitanidis , 1995; Michalak et al., 2004; Gourdji et al. , 2012) .

::::
The

::::::::::
estimated

::::::::::
mismatch

::::::
errors

::::::
range

:::
in

:::::::::::
magnitude

:::::
from

::::::
12-13

:::::
ppb

::::::::::
(standard

::::::::::::
deviations)

::
at

:::::::::
Canadian

::::::
tower

:::::
sites

::
to

::::::
20-30

::::
ppb

:::
at

::::::
tower

:::::
sites

::::
near

:::
oil

:::::
and

:::
gas

:::::::::::
operations

::
in

::::
the

:::::::::
southern

:::
US

:::::
(refer

:::
to

::::
Fig.

::::
S2

::
in

:::::::::::::::::::::::
Miller et al. (2013) and

:::::
Fig.

:::
S6

:::
in

::::::::::::::::::::::
Miller et al. (2014b) ).

:::::
This

:::::::::::
magnitude190

::::::
(12-30

:::::
ppb)

::
is
:::::::::::
equivalent

::
to

::::::
25Ð70%

::
of

:::
the

::::::::
average

:::::
CH

4::::::
signal

:::::
from

:::::::
North

::::::::::
American

:::::::::
emissions

::
as

:::::
seen

::
at

::::
the

::::::::
various

:::::::::::
observation

::::::
sites.

:

::::::
These

:::::::::::
model-data

::::::::::
mismatch

::::::
errors

:::::::::::
encompass

:::::::::
numerous

::::::::
sources

::
of

::::::
error,

::::
but

:::::
these

::::::
errors

:::
are

:::::
likely

:::::::::::
dominated

:::
by

:::::::::::::
uncertainties

:::
in

::::::::::::
atmospheric

:::::::::::
transport.

::::::::::::::::::::::::::::::::
Nehrkorn et al. (2010) generated

:::::
WRF

::::::::::::
meteorology

::::
for

:::
use

::
in

:::::::
STILT

::::
and

::::::::::
compared

:::
the

::::::::::
estimated

::::::
winds

::::::::
against

:::
US

::::
and

:::::::::
Canadian195

::::::::::::
radiosondes.

:::::::
They

::::::::::
computed

:::
a

:::::
root

::::::
mean

:::::::::
squared

::::::
error

:::::::::
(RMSE)

:::
of

::::::
2.5Ð4

:::
m

::::
s�1

:::
in

::::
the

::::::::::
horizontal

::::::
winds

:::::
and

::::::
found

:::
no

::::::::
change

:::
in

:::::
error

::::::::::
statistics

:::
at

::::
the

::::
top

:::
of

::::
the

::::::::::
boundary

::::::
layer.

:::::::::::::::::::::::::::
Hegarty et al. (2013) further

::::::::
coupled

::::
the

:::::::
STILT

:::::::
model

::::
with

::::::::
several

::::::::
weather

:::::::
models

::::
and

::::::
found

::::
that

::::::::::::
simulations

:::::
with

::::::
WRF

:::::::::
produced

::::::
lower

:::::
error

:::::::::
statistics

::::::::
relative

:::
to

::::::
other

::::::::
weather

::::::::
models.

:

:::::::
Several

:::::::::
existing

::::::::
studies

:::::
have

:::::::
shown

:::::::::::
consistent

:::::::
results

:::::::::
between

:::::::::::::
WRF-STILT

:::::
and

::::::
other200

::::::::::::
atmospheric

::::::::
models;

::::
this

::::::::::::
consistency

:::::
may

:::::::::
indicate

::
a

:::::
lack

::
of

:::::::::::
large-scale

:::::
bias

:::
in

::::::::::::
atmospheric

:::::::::
transport

::::::::::
estimated

::::
by

::::::::::::::
WRF-STILT.

::::
For

::::::::::
example,

:::::::::::
constraints

::::
on

:::::::::::::
summertime

::::
US

:::::::
carbon

:::::::::
monoxide

::::::::::
emissions

::::::::::
estimated

:::::
with

:::::::
STILT

::::
and

::::
the

::::::::::::::
GEOS-Chem

::::::
model

:::::::
match

:::
to

:::::::
within

:::
10%

:::::::::::::::::::::::::::::::::::::::::
(Miller et al. , 2008; Hudman et al., 2008) .

::::::
CH

4::::::::
budgets

:::::::::::
estimated

:::
for

:::::
the

:::::
HBL

:::
in

::::::::
Canada

:::::
using

:::::::::::::
WRF-STILT

::::
and

:::::::::::::
GEOS-Chem

:::
are

:::::::
similar

:::
to

::::::
within

:::
10%

::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Pickett-Heaps et al., 2011; Miller et al. , 2014b; Wecht et al., 2014) .205

:::::::::::::
Furthermore,

::::
CH

4:::::::::
budgets

:::::::::
estimated

::::
for

:::
the

::::
US

:::::
with

:::::::::::::
WRF-STILT

::::
and

:::::::::::::
GEOS-Chem

:::::::
match

::
to

::::::
within

:::::
! 10%

:::::::::::::::::::::::::::::::::::::::
(Miller et al. , 2013; Turner et al. , 2015) .

:

::::
The

:::::
CH

4:::::::::::
boundary

::::::::::
condition

::
is

:::::::::
another,

::::::::::::
potentially

:::::
large

:::::::
source

:::
of

::::::::::::
uncertainty

:::
in

::::
the

::::
CH

4::::::::::
modeling

::::::::::::
framework.

::::
To

:::::::
create

:::::
this

::::::::::
boundary

:::::::::::
condition,

:::
we

::::::::::::
interpolate

::::::::::::
atmospheric

::::
CH

4:::::::::::::
observations

:::::
near

::
or

:::::
over

::::
the

:::::::
PaciÞc

::::
and

:::::::
Arctic

::::::::
Oceans

:::
to

::::::
create

::
a
::::::::::
boundary

::::::::::
Òcurtain.Ó210

::::
This

::::::::
curtain

::::::::::
estimates

:::::
CH

4:::::::::::::::
concentrations

::::
over

::::
the

::::::::
PaciÞc

::::
and

:::::::
Arctic;

:::
it

::::::
varies

:::
by

:::::::::
latitude,

::::::::
altitude,

:::::
and

:::::
time

:::::
(see

:::::
Fig.

::::
S4

:::
in

::::::::::::::::::::::
Miller et al. (2014b) ).

:::::
We

::::::
then

:::::::
sample

:::::::::::::::
concentrations

:::::
along

::::
this

::::::::
curtain

::::::::::
depending

::::::
upon

:::
the

:::::::
ending

:::::::::
latitude,

:::::::::
altitude,

::::
and

:::::
time

::
of

:::::
each

:::::::::::::
WRF-STILT

::::::::::
trajectory.

:::::::
These

:::::::::
sampled

:::::::::::::::
concentrations

::::::::
become

::::
the

::::::::::
boundary

::::::::::
condition

::
Ð
::::

an
:::::::::
estimate

::
of

:::
the

:::::
CH

4::::::::::::::
concentration

:::
in

:::
air

:::::::
before

:::::
that

:::
air

::::::::
reaches

::::::
North

::::::::::
America.

:::::::::::::::::::::::
Miller et al. (2013) and215

::::::::::::::::::::::::::::
Miller et al. (2014b) describe

::::
this

:::::
setup

:::
in

:::::::
greater

::::::
detail

:::::
along

:::::
with

::::
the

::::::::::
associated

:::::::::::::
uncertainties.

:::
For

::::::::::
example,

:::::::::::::::::::::::::::::
Miller et al. (2013) compared

::::
the

::::::::::
boundary

::::::::::
condition

:::::::::
estimate

:::::::
against

::::::::
aircraft

::::
data

:::::::::
collected

::::::
above

:::::::
3000m

:::::
over

:::
the

:::::::
United

:::::::
States.

::::::
They

::::::
found

:::
an

::::::::
average

:::::::::
di↵erence

:::
of

:::
2.7

::::
ppb

8



::::::::
between

::::
the

::::::::
aircraft

::::::::::::
observations

:::::
and

::::::::::
boundary

:::::::::
condition

::::::::::
estimate.

::::::::::::::::::::::::
Miller et al. (2013) then

::::::::
adjusted

::::
the

::::::::::
boundary

::::::::::
condition

::::::
based

:::::
upon

:::::
this

:::::::
aircraft

::::::
data.

::::::
They

:::::::::::::
subsequently

::::::::::
estimated220

:
a
:::::
total

::::
US

:::::
CH

4:::::::
budget

::::::
using

::::::::::
boundary

:::::::::::
conditions

:::::
with

::::
and

::::::::
without

::::
the

::::::::
aircraft

::::::::::::
adjustment.

::::
The

:::::
total

:::::
CH

4:::::::
budget

::::::
using

::::
the

:::::::::::::::::
aircraft-corrected

::::::::::
boundary

::::::::::
condition

::::
was

:::::::::::::::
approximately

::
5%

::::::
higher

:::::
than

::::
the

::::::::::::
unadjusted

::::::::::
boundary

::::::::::
condition

:::::::::
estimate.

::::::
This

:::::::
result

:::::::::
indicates

::::
the

::::::::
possible

::::::
e↵ects

::
of

::::::::::
boundary

::::::::::
condition

:::::::::::::
uncertainties

:::
on

::
a

:::::::::::::
national-scale

:::::
CH

4::::::::
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 I personally Þnd quite annoying
within the context of a journal article. So I 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
Ð 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, ll.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 I fully
support (even though I donÕt think it belongs into a conclusion section in the
way it is presented here ..). At the same time, they work out various system-
atic di!erences between bottom-up and top-down products within the context
of this study, and attribute all the ÕblameÕ 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 authorsÕ 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 e↵ort, 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
e↵orts in a way that would leverage the respective strengths of each approach. This goal
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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
e↵ort to explain where such di↵erences might stem from.

In the revised manuscript, we have augmented this discussion of ÔwhyÕ or ÔhowÕ in sections
4.1 Ð 4.3. Atmospheric data can often provide useful information on the magnitude, lo-
cation, or timing of ßuxes, but it is usually much more di!cult to infer how or why these
ßuxes occurred. In several instances, we can hypothesize why model-data di"erences oc-
cur. For example, existing bottom-up ßux 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 di↵erences 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 inMiller et al.
(2013), Miller et al. (2014b), and Miller et al. (2014a). Those papers discuss, in detail,
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 deÞne
 ), uncertainties due to atmospheric transport in WRF-STILT, uncertainties due to
geological CH4 sources, and uncertainties in the attribution of CH4 to individual sources.
Miller et al. (2014b) discuss uncertainties due to the nested meteorology domains in
WRF-STILT, uncertainties in the methane boundary condition, uncertainties due to the
sparsity of the CH4 observation network, uncertainties in atmospheric transport estimated
by WRF-STILT, and uncertainties in the covariance matrix parameters. Finally, Miller
et al. (2014a) discuss uncertainties in the ßux estimate due to the assumptions made by the
statistical modeling framework. In addition to these inverse modeling papers,Nehrkorn
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 conÞdence interval estimated from the inversion. This conÞdence
interval accounts for limited data coverage, transport model errors, the Þnite resolution
of the inverse model, and other error sources (as discussed inMiller et al. (2014b)).
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2 Detailed comments:

• P.9345f, Section 2.1: As mentioned above, I 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.

• p.9346, l.16f: You never explain and/or discuss how the low temporal reso-
lution (monthly) of emission ßuxes 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 ßat 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 a!ect your inversion results. DidnÕt you
have access to bottom-up products with a higher temporal resolution?

We have clariÞed this point in the manuscript. We are limited by the temporal resolution
of the bottom-up products from the WETCHIMP study; those methane ßux simulations
have a monthly temporal resolution. With that said, observations during the Þrst 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 ßux estimates from multiple
time periods. In this way, the WRF-STILT model estimate is not a step change from one
month to the next.

• 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
ßux 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.

• 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 di!er-
ent combinations of turning the 16 options for regions/seasons are randomly
created. If each region/season gets an individual model Þt 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 e!ect 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, ll.25↵: 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 e↵ort 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.9350↵, 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 e↵ects 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 di↵erent 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
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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
di↵erentiate among spatial patterns in CO2 flux estimates for North America. We have
elaborated on this discussion in the revised manuscript.

• p.9351↵, 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.9354↵, 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 ... ??? 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
o↵ers 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, l.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
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summertime, it may well be that the shoulder season fluxes are matching the
inverse product quite well, while there are simply way o↵ in the peak of the
warm season.

We have added a second panel to Fig. 5. That panel shows the absolute budget in Tg
CH4 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, ll.10↵: 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 CH4 production may
be too high in some existing models. Most models predict relatively small ßuxes when
soils are cold but still above freezing. And most predict dramatically larger ßuxes 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 di!erence between cool-season and warm-season ßuxes may not be as great as
predicted by many bottom-up estimates. This conclusion is supported by ßux 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, ll.3↵: 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. I
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 o↵er 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 (ll.8↵): I think this part of the conclusions needs
more details. You just list your basic findings, without even attempting to
interpret where these di↵erences 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 ßuxes.
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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
reviewerÕs 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 Summary

• 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 CO2 and CH4 to select a ßux model. Schwarz
(1978) originally developed the Bayesian Information Criterion (BIC), and BIC-based
model selection has subsequently been used widely in statistical modeling (Ramsey and
Schafer, 2012). In more recent years, several studies have used BIC-based model selection
to explain patterns in eddy-covariance CO2 ßux measurements (Mueller et al., 2010; 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
ßux estimate; these inverse modeling studies have applied BIC-based model selection to
both CO2 (Gourdji et al. , 2012) and CH4 (Miller et al. , 2013, 2014a) ßux problems. In
addition to the aforementioned applications, BIC-based model selection has also been
used to investigate the detectability of atmospheric patterns from surface sources (Fang
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 et al. , 2013, 2014a,b). Those studies discuss po-
tential modeling and measurement errors in great detail. For example,Miller et al. (2013)
explore uncertainties in the estimated methane boundary condition, uncertainties in the
estimated covariance matrix parameters (the parameters that deÞne ), uncertainties due
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to atmospheric transport in WRF-STILT, uncertainties due to geological CH4 sources,
and uncertainties in the attribution of CH 4 to individual sources. Miller et al. (2014a) 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 CH4 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 ßux 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

• 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 su�cient 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 ßux, the more likely that the observation network can
detect a methane pattern from wetlands. Therefore, if we conduct the synthetic data
experiment using a ßux 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 di!erent question, one that is inde-
pendent of the ßux modelÕs magnitude. Rather, that experiment examines which models
have spatial distributions that are consistent with the data. That analysis disentangles
the spatial distribution of the ßuxes from other confounding questions of magnitude or
seasonality. Unlike the Þrst synthetic data experiment, the analysis in Section 4.1 is
insensitive to the magnitude of the ßux models.

We have clariÞed the experimental design in sections 2.3 Ð 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. (2014a), and Wecht et al. (2014); this step ensures
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that the BIC results in Section 3 will not be biased by anomalously large WETCHIMP
ßux 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
Ôspatially-constant modelÕ 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 Ôspatially-
constant model.Õ

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 Þts 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 ÒtrueÓ,
correct model; the intercept does not represent the unknown methane ßux 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 ßuxes in Siberia. We could examine this question using a
synthetic data experiment like the Þrst experiment in Section 2.3. Any variability in the
observations at LEF would be unrelated to methane ßuxes in Siberia. Therefore, a model
selection framework would not choose a Siberian ßux model as an explanatory variable.
That result is not necessarily a judgement on the accuracy of the Siberian ßux model.
Similarly, that result does not indicate that the intercept is a Ôperfect model.Õ Rather,
that result simply indicates that methane observations at LEF cannot be explained by
ßuxes in Siberia.

In addition, it is important to note that BIC-based analysis in sections 3 and 4.1 address
di!erent questions, and we do not expect any one model to be selected by the model
selection framework in all cases. The Þrst 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 Ð whether the network is
sensitive to the location of wetland ßuxes. The network could select both the intercept
and a wetland model in the Þrst experiment but may only select the intercept (no wetland
model) in the second experiment. In that case, the network can detect an atmospheric
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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 CO2 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 di↵erent 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.
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3 SpeciÞc comments

• 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.

• 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.

• Page 9346, lines 21-24: repeating lines 23-27 on page 9344.

We have condensed the text to remove this repetition.

• Page 9347, line 7: change ‘first term in Eq. (1)’ to ‘first two terms in Eq. (1)’.

We have updated the text accordingly.

• 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.

• Page 9353, line 26: change ‘GEIMS’ to ‘GIEMS’.

We have changed the text accordingly.

• 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, 2.4±0.3 at Fraserdale, and 2.5±0.3
at Park Falls.’ Explain the meaning of the di↵erent 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 CH4

observation sites near wetlands are also located far from large anthropogenic emissions.
As a result, any e↵ort to scale the EDGAR inventory at these sites could be error-prone.
Instead, we present the inventory as is.

• 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.

• Page 9368: Label each curve in Fig. 5 as in Fig. 4.

We have updated the figure accordingly.
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4 Supplement

• 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/).

• 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.

• 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 di↵erent 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 o↵-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 di↵erence in units in the Figure and caption.

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