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Abstract. Landscapes are often assumed to be homogeneous when interpreting eddy covariance fluxes, which can lead to biases
when gap-filling and scaling-up observations to determine regional carbon budgets. Tundra ecosystems are heterogeneous
at multiple scales, with variation in plant functional types, soil moisture, thaw depth, and microtopography, for example,
influencing net ecosystem exchange (NEE) of carbon dioxide (CO,) and methane (CHy4) fluxes. With warming temperatures,
Arctic ecosystems eould-change-are changing from a net sink to a net source of carbon to the atmosphere in some locations, but
the Arctic’s carbon balance remains highly uncertain. In this study we report results from growing season NEE and CH,4 fluxes
from an eddy covariance tower in the Yukon-Kuskokwim Delta in Alaska. We used footprint models and Bayesian Markov
Chain Monte Carlo (MCMC) methods to un-mix-tower-unmix eddy covariance observations into constituent landcover fluxes
based on high resolution landcover maps of the tewerregion. We compared three types of footprint models and used two
landcover maps with varying complexity to determine the effects of these choices on derived ecosystem fluxes. We used
artificially created gaps of withheld observations to compare gap-filling performance using our derived landcover-specific
fluxes and traditional gap-filling methods that assume homogeneous landscapes. We also compared resulting regional carbon
budgets when scaling-up observations using heterogeneous and homogeneous approaches. Traditional gap-filling methods
performed worse at predicting artificially withheld gaps in NEE than those that accounted for heterogeneous landscapes,
while there were only slight differences between footprint models and landcover maps. We identified and quantified hot spots
of carbon fluxes in the landscape (e.g., late growing season emissions from wetlands and small ponds). We resolved distinct
seasonality in tundra growing season NEE fluxes. Scaling while assuming a homogeneous landscape overestimated the growing
season CO, sink by a factor of two and underestimated CH, emissions by a factor of two when compared to scaling with any
method that accounts for landscape heterogeneity. We show how Bayesian MCMC, analytical footprint models, and high
resolution landcover maps can be leveraged to derive detailed landcover carbon fluxes from eddy covariance timeseries. These

results demonstrate the importance of landscape heterogeneity when scaling carbon emissions across the Arctic.
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1 Introduction

Eddy covariance (EC) towers provide some of the longest and highest resolution timeseries of in situ observations of energy,
water, and carbon fluxes. Eddy covariance flux data provide landscape-level insight into numerous ecosystem processes, such
as water-use efficiency, crop yields, and carbon balances (Baldocchi, 2003; Baker and Griffis, 2005; Reichstein et al., 2007,
Knauer et al., 2018). Global and regional networks of eddy-covarianee EC towers, such as FLUXNET and AmeriFlux (Novick
et al., 2018; Papale, 2020), are commonly used to benchmark Earth system models, provide a priori fluxes for atmospheric
inversion models, or train remote-sensing based models to scale bottom-up carbon budgets (Friend et al., 2007; Wang et al.,
2007; Jung et al., 2009, 2020; Chevallier et al., 2012; Tramontana et al., 2016; Chen et al., 2018; Schiferl et al., 2022). The
surface source area contributing to eddy-eevartanee-EC flux measurements (i.e., the footprint) is much larger than other types
of direct flux measurements, such as chambers, but is spatially and temporally variable, and can change with wind direction and
atmospheric stability. The dynamic spatial influence on eddy-covarianee-EC fluxes is often ignored under implicit assumptions
that landscapes within the eddy—cevarianee-EC footprint are homogeneous or spatially representative (Griebel et al., 2016;
Giannico et al., 2018).

Numerous footprint models have been developed to quantify source area contribution to EC tower flux observations (Schmid,
2002) and inform interpretations and analysis of these fluxes. Aggregate footprints are commonly used to determine the general
spatial extent and seasonal patterns in EC tower source areas (Amiro, 1998). When combined with landcover maps of EC tower
locations, footprints have been used to filter flux observations to include only those from distinctly uniform source areas for
further interpretation and analysis, though the practicality of this is highly dependent on landscape heterogeneity and the EC
tower site location (Jammet et al., 2017; Juutinen et al., 2022; Beckebanze et al., 2022). Studies using concurrent chamber-
based fluxes within EC tower source areas have used footprints to scale-up chamber fluxes and compare to EC tower fluxes,
which can provide confidence in the flux measurements, the representativeness of the chamber fluxes, and the landcover map
used (Kade et al., 2012; Stoy et al., 2013; Morin et al., 2017; Davidson et al., 2017). However, disagreement between scaled
chamber and EC tower fluxes is difficult to diagnose; chamber fluxes are often limited in temporal resolution and spatial
extent, and landcover maps might not capture detail or distinctions relevant for fluxes (Fox et al., 2008; Forbrich et al., 2011;
Budishchev et al., 2014). Footprints have been used to identify hotspots of methane (CHy) fluxes (Matthes et al., 2014; Roger
et al., 2019; Reuss-Schmidt et al., 2019), and in circumstances where there is a single seuree-known source location against
a known or zero flux background, the footprint-weighted flux maps can derive CH4 fluxes at these hotspots (Rey-Sanchez
et al., 2022). However, footprint-weighted flux maps cannot derive actual fluxes in circumstances with multiple different CHy
sources, or when fluxes, such as carbon dioxide (CO;), have high temporal variability. Tuovinen et al. (2019) used footprints
to weight contributions to CHy4 fluxes from land cover classifications in heterogeneous Siberian tundra, and by assuming fluxes
were constant through time, was able to solve for landcover specific CH, fluxes using ordinary least squares.

Despite the documented effects of heterogeneous surfaces on the interpretation of fluxes, most uses of eddy-covariance EC
fluxes ignore the dynamic nature of flux source areas. For applications such as model benchmarking, bottom-up scaling, and

gap-filling, the landscape around EC towers is implicitly assumed to be homogeneous. Gap-filled timeseries are often required
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to create seasonal or annual carbon budgets. One of the most widely used gap- lling approaches fore€QOmarginal
distribution sampling (MDS), primarily uses the mean ux of €@om similar meteorological conditions within a certain
window of time, irrespective of the wind direction and source area of the gap- lled timepoint, or of the observations used to
do the lling (Reichstein et al., 2005; Wutzler et al., 2018). Both model benchmarking and bottom-up carbon ux scaling rely
onEC tower uxes being spatially representative of a larger region (Williams et al., 2009). While landscape representativeness
or homogeneity is a reasonable assumption for sB@¢ower sites, such as agricultural elds, it is rarely tested explicitly

with footprints. A recent study by Chu et al. (2021) tested the spatial representativeness of AmeriFlux sites using footprint
climatologies and found a minority of sites were representative of areas more than one kilometer away EGrtother. A

derive seasonal and annual budgets. Rapid arctic warming is thawing and mobilizing carbon stored in permafrost, leading
to direct climate feedbacks through decomposition and indirect consequences through changing hydrology, vegetation and

budget, and it remains unclear whether the arctic is currently a carbon source or sink (McGuire et al., 2009, 2018; Natali et al.,
2019, 2021; Virkkala et al., 2021; Watts et al., 2021, 2023). Tundra ecosystems are extremely heterogeneous at multiple scale:
(\ﬁrtanen and EK, 2014) which when combined with Iogistical dif culties in monitoring in the arctic, can lead to dif culties in

bottom-up scaling models estimate twice as much, @Bim the arctic as top-down atmospheric inversions (Thornton et al.,
2016; Saunois et al., 2020).

This study addresses how landscape heterogeneity affects gap- lling and bottom-up scalingoidITH, eddyecovariance
EC uxes. We used footprint models and landcover maps to umsigycovarianeedEC uxes into constituent landcover uxes
in heterogeneous tundra in the Yukon-Kuskokwim (YK) Delta, Alaska. We investigated how the choice of footprint model
affects gap- lling and carbon budgets by comparing results using three of the most commonly used footprint models. We
compared net ecosystem exchange (NEByitsfrem-of CO, uxes using both a simple and a complex landcover map
to determine how the scale of heterogeneity that we consider impacts our resulting carbon budgets. Lastly, we compared
gap- lled NEE uxes and scaled-up carbon budgets to an identical approach that only differs by assuming a homogenous
landscape, and to a commonly used gap- lling approach (MDS), which implicitly assumes a homogeneous landscape. We
discuss the implications of the resulting €&hd CH, uxes and carbon budgets for the YK Delta and arctic carbon feedbacks.

2 Methods
2.1 Site Description

The study region is located in the Izaviknek and Kingaglia Uplands of the Yukon-Kuskokwim Delta in Alaska, approximately
90 km northwest of Bethel, Alaska and 110 km inland from the coast. Mean annual air temperature in Bethel Wafod..2
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2019-2022019t0 2020, 13.84egrees C during summer (June, July, August), -11®during winter (December, January, and

with permafrost underlying peat plateaus and absent under wetlands and lakes (Frost et al., 2020). Thaw depths on peat plateal
averagedo-4630to40cm in June and Julo16-2617and60-762016t0 2017and60ta 70 cm in September 2016 (Ludwig
etal., 2022). Vegetation on the peat plateaus is heterogeneous, and is dominated by lichen (@iadniiaspp),Sphagnum
fuscum or low-lying shrubs, while wetland vegetation is typicaBphagnurmand graminoid spp. (Zolkos et al., 2022). The
eddyeovarianedEC tower was installed in July 2019 on a peat plateau in unburned tundra at (N 61, 284%3.2589).

We used a landcover map developed by Ludwig et al. (2022) to characterizeédhEC tower location and a nearby region
of unburned tundra used for scaling up carbon budget (Ludwig et al., 2023a). The landcover map is 5 m x 10 m resolution
and derived from Sentinel-1 synthetic aperture radar (SAR), Sentinel-2 multispectral instrument (MSI), and the ArcticDEM.
Two versions of landcover were used: (1) a simple version with only four categories: surface water, tundra, wetland, and
degrading permafrost, and (2) a complex version where tundra was further split into lichen tundra, shrub tundra, sedge tundra,
and tundra at the edge of degrading permafrost (Fig 1). Tundra landcover categories were primarily located on peat plateaus
and share the same dominant vegetation types of lichens, dwarf shrubs, mosses, and sedges. The differences within tundt
categories were subtle; shrub tundra was often located at the edges of peat plateaus bordering and along banks with slightl
larger shrubs; sedge tundra was located on peat plateau slopes that were slightly greener; lichen tundra was the least green ai
largest area of tundra types within the region, dominated by lichen, nspdg@nunspp. andDicranumspp.), graminoids
(Carexspp. anderiophorum angustifoliutn(Baillargeon et al., 2022); and edge of degraded tundra included tundra bordering
degraded permafrost, often wetter, mossier, and slightly subsided. Degraded areas included isolated shallow depressions o
peat plateaus, more evolved networks of owpaths draining peat plateaus into wetlands, and recently drained waterbodies.
Depending on seasonality and antecedent rain, degraded areas could have standing water, saturated soils, exposed mud,
graminoid-dominated vegetation. The wetland category included a range of wetland vegetation such as mosses, graminoids
and tall shrubs, often with complex underlying hydrology. Wetland soils were usually saturated, with small, sub-pixel channels
or waterbodies undetectable at the resolution of the landcover map. Surface water includes all lakes, ponds, and stream:
detectable at the landcover map resolution (Ludwig et al., 2023b). There are likely smaller ponds or channels within wetlands
and degraded areas, but higher resolution mapping would be needed to identify that level of heterogeneity. The full distribution
of landcover areas in a 300 m radius circle aroundt@gower location and in the region used for scaling is described in table
1. The scaling region was approximately 150 km2, which is similar to the average size of a grid cell in earth system models
(Williams et al., 2009).

2.2 Eddy covariance data processing

Data used in this study span from July 12th 2019 to September 30th 2020, though we only include May through September
months. TheEC tower instrumentation consisted of a Gill WindMaster Pro sonic anemometer, LI-7500DS open path ana-
lyzer for CG, and H20, LI-7700 for CH, Vaisala HMP155 humidity and temperature probe, LI-190R quantum sensor for
photosynthetically active radiation (PAR), Kipp and Zonen CNR4 four component net radiometer, and HukseFlux HFP01SC
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Table 1. Landcover category percentages in the immediate eddy covariance tower area (radius of 300 meters) and in the region used to

scale-up ecosystem carbon uxes (Fig 1).

Landcover category Tower area  Scaling region
Lichen tundra 12% 27 %
Shrub tundra 18 % 11%
Sedge tundra 23 % 16 %
Edge of degraded permafrost 21% 11%
Degraded permafrost 3% 5%
Wetland 20% 18 %
Water 3% 12%

soil heat plates. All instrumentation was connected to a LI-7550 interface equipped with a LICOR SmartFlux system. The

measurement height was 2.5 meters above ground level. Half-hourly ux calculations were made using the eddy covariance
method (Baldocchi et al., 1988) from 10 Hz data using the EddyPro software program (Fratini and Mauder, 2014). We used
the double coordinate rotation method, spike removal, block averaging, and time lag removal by covariance maximization
(Moncrieff et al., 1997). We made corrections for air density uctuations fop,GCH,, and H20O uxes following (Webb et

al. 1980). Fluxes with nonstationarity were removed (Foken et al., 2004). Fluxes were further Itered to remove times of low

using the double median absolute deviation method (Mauder et al., 2013). The resulting timeseries had 26% and 61% missing
data for CQ and CH, uxes respectively. Due to limited access for site maintenance during the COVID-19 pandemic and the
remote site location, power outages contributed to 1.5% missing data in uxes, air temperature, and PAR. While only actual
observations of air temperature and PAR were used for training gap- lling models, we used a complete timeseries of drivers
for scaling and to sum uxes to monthly carbon budgets. To interpolate missing data in air temperature and PAR for scaling
we used the marginal distribution sampling and mean diurnal course method from REddyProc (Wutzler et al., 2018). Annual
timeseries of C@ uxes, CH, uxes, air temperature, and PAR observations can be found in the Sl (Fig S1a-d).

We compared three commonly used footprint models to determine source areas for uxes: the Hsieh model (with the 2D
extension from Detto et al. (2006)), the Kljun model, and the Kormann and Meixner model (Hsieh et al., 2000; Kormann and
Meixner, 2001; Kljun et al., 2015). The Hsieh model is a hybrid approach blending a forward Lagrangian stochastic numerical
model with an analytical solution. The Kljun model uses multiple parameterizations of a backward Lagrangian particle model
to be applicable across atmospheric stability regimes. The Kormann and Meixner model is a Eulerian analytical footprint model
based on Monin-Obukhov similarity theory. All three footprint models assume Gaussian dispersion in the crosswind direction
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Figure 1. Scaling region within the YK Delta used in this study. Sentinel-2 RGB imagery (a) with the location of the grid within Alaska as

and horizontal homogeneity in turbulence effects (Schmid, 2002). Given the at deltaic landscape and extremely short tundra
canopy height relative to instrument measurement height, this site was an ideal location for footprint modeling, while still
encompassing heterogeneity in £€énd CH, uxes. We calculated a single roughness length for the site (0.02 m) from the
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were normalized to total 100% by dividing by the sum of the weights within each observation. The footprint weights were then
summed over each landcover tyfdg for each ux observatiorfi) as ik (see equation 1 in section 2.4.1).

series. First, we explicitly consider landscape heterogeneity by unmi@tpwer uxes using each of the three types of
footprint models when summarized over both the simple and complex landcover map (Section 2.4.1). In order to do so, NEE
uxes were partitioned into respiration and gross primary productivity (GPP) with simple empirical models driven by PAR and
air temperature. Second, we used the same method of ux partitioning, modeling, and parameter estimation to gap- Il NEE, but
instead assume a homogeneous landscape. Each of the heterogeneous types of gap- lling models and the similar homogeneot
variation were trained separately for each month in the growing season (May through September) to accommodate seasonality
Observations from both 2019 and 2020 were used to train the gap- lling models, though we only predicted and scaled for 2020,
since the 2019 growing season was incomplete. We tested the inclusion of 2019 observations for August and September, ant
there was little effect on the derived landcover uxes. Last, we compare these results to a widely-used approach by gap- lling
NEE with MDS, which implicitly assumes a homogeneous landscapg. @ds were not as temporally variable as NEE and

2.4.1 Heterogeneous gap- lling models

Assuming that every pixel within a landcover type is characterized by a similar ux, then for a @tenhalf-hour measure-
ment, the observedC tower NEE ux is the sum of eacti) landcover ux(NEE iy ) times the total in uence of those
pixels within a footprint ik ) across al(P) landcoversguationt(Eq1).

X
NEEobsk = NEEix ik (1)
i=1
asTuevinen-etal{(2019%e-for- CH—uxes—Hewever,CO, uxes are often highly variable in time, especially from vegetated

environments. Tundra NEE has been well characterized as the difference between respiration — modeled as an exponentis
function of temperature — and gross primary productivity—modeled as a light-saturating response curve often attenuated by
temperature or vapor pressure de cit (Williams et al., 2006; Shaver et al., 2007; Loranty et al., 2011). For the heterogeneous
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gap- lling models, we structured theNEE ;. ) uxes from vegetated landcovers as temporally variable and dependent on air
temperaturdT air i), light (P ARy), and air temperature rescaled between 0 aiistale):

NEE ik = Ri;k GP Pi;k (2)
Ri;k =, e Tair i (3)

EO Pmax; PARy
Pmax; + EQ; PARy

GP Pk = Tscalg

(4)

(Tairy  Tmin )(Tairk  Tmax )
”Tmin )(Tairk Tmax) (Tairk Topt)2

(®)

and degrading permafrost were all parameterized according to equatitind2Surface water COuxes were parameterized

as a constant ux over time. While this is likely an over-simpli cation, a more complex lake emissions model was not feasible
because the surface waters within the footprint were too small an area and too small in footprint in uence to inform a more
complex model. Similarly, for the complex landcover map, all NEE uxes from tundra landcover types as well as from wetland
and degrading permafrost were structured according to equatien® 2 with water as a constant ux.

-eld-ebservations.CH uxes were assumed to be constant over time for each landcover type.

»x
CHu0bsk = CHai ik (6)
i=1

The only parameters in this simpler version of unmixing are the landcover @¢s themselvesCH 4; with the footprint
inuences( k) as the only time-variable drivexguation5(Eq 6). All three footprint models were similarly compared for
CH, uxes. Only the complex landcover map was used to unmix GHes, since the categories within tundra were known to

be divergent, e.g., known very small uxes from lichen tundra, while tundra at the edge of degraded could possibly be a large



215

220

225

230

235

240

2.4.2 Parameter estimation and ux prediction

We unmixedEC tower uxes to landcover ClandNEE jx  uxes by using a Bayesian analysis with Markov Chain Monte
Carlo (MCMC) simulation. We chose this method partly because unmixing approaches such as ordinary leagfsguares-et-al;204

proach to solve for landcover uxes. First, we can provide prior information on ux parameters. This prior information could

be speci c (e.g., from chamber uxes from landcovers within the footprints), it could be more general (e.g., dictating one land-
cover known to have higher GPP than another), or it could be mostly uninformative, and merely place restrictions on parameter

space based on physical properties (e.g., non-nedativax; ). We used the latter approach to NEE priors for this studyeto

emparabléetweerfootprintmodelandlandeovemapsolutionsandto-betterdemonstrate the impacts of unmixiageyEC
to unmix CH, uxes, there were multiple solutions if all prior uxes were strictly uninformative. We used mostly uninformative

prior uxes for landcovers anticipated to support £emissions by disallowing CHuptake for degraded, edge of degraded,

a very small but non-zero CHux at the driest time of the growing season (Ludwig et al., 2018), and we assigned prior uxes

for tundra types accordingly. Prior distributions can be found in the SI (Table S1-S3). The second bene t of using Bayesian
analysis with MCMC is that derived quantities and predictions of new data are inherently treated as random variables with their
own probability distributions, thus enabling easy calculations of uncertainties. Therefore, we carry through uncertainty from
both partitioning and gap- lling to uncertainty in predicted landcodM& E ;. or CH, uxes, which, when summed over time

and scaled up by area, leads to distributions of carbon budgets from which we can calculate explicit uncertainties.

) and respiration parameters (equation 3) were determined while using uninformative priors. The GPP parameters (equation
4) were then estimated using thNEE opsx from the full dataset, with uninformative GPP priors but using the posterior
distributions of the respiration parameters as strict prior information for the respiration component of equatignuesH

were t separately by month as well, but all times of day were used. We used Gibbs sampler for the MCMC iterations (Just
Another Gibbs Sampler; JAGS) implemented with the runjags R package (Denwood, 2016), with a burn-in of 5,000 iterations,
an adaptation of 5,000 iterations, and retained 3,000 iterations in the nal chains. Three parallel chains were used for each
model with different initial parameter values (Table S1-3). We evaluated parameter convergence using the Gelman diagnostic
(Gelman and Rubin, 1992; Brooks and Gelman, 1998). Model performance was further checked using posterior predictive

checks of the mean, standard deviation, and sum of squared residuals (Gelman et al., 1996).
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2.4.3 Homogeneous gap- lling models

We used several methods to gap- Il theC tower NEE and Cli uxes that both assume a homogeneous landscape/footprint
for comparison. The rst method is a Bayesian analysis with MCMC sampling that mirrors our landcovem-axxing

assume a single landcover type everywhere that accounts for 100% of the footprint in uence at every ux observation. The
homogeneous landcover NEE was modeled monthly by equatigosi2with the same partitioning and parameter estimation

as described in section 2.4.2. The second homogeneous NEE gap- lling approach we used was MDS (Reichstein et al., 2005).
We used the REddyProc package with default settings to implement the MDS gap- lling (Wutzler et al., 2018). Since the

and then applying these averages to each day within the month.
2.4.4 Articial gaps

Arti cial gaps in the NEE and CH ux observation timeseries were created in order to be able to evaluate and compare
gap- lling approaches. Since the MDS gap- lling method requires at least 90 days of half-hourly measurements, it could
only be applied to the 2020 growing season (data in 2019 began in mid-July). Therefore, we only created arti cial gaps in
the 2020 growing season for comparability. Arti cial gaps were generated separately for each month to ensure each portion

was withheld as random arti cial gaps of strati ed sizes, withb% as larger gaps (10 observations)5% as smaller gaps (4
observations), and the remainder as single gaps. The withheld drivers corresponding to the arti cial gaps (PAR, air temperature,
footprint weights) were then used to predic® tower NEE or CH, and gap- lling methods were evaluated by calculating the

root mean square error (RMSE).
2.5 Scaling up NEE and CH,

We used the parameter posterior distributions from MCMC simulations and full timeseries of air temperature and PAR to
predict complete, gap- lled, CiHandNEE jx  ux timeseries for the landcover types as described in sections 2.4.2. We then
summed these distributions of half-hourly uxes over time and multiplied by their respective areas in the scaling region (section
2.1, Fig 1) to determine estimations of monthly carbon budgets for each landcover type. Monthly landcover carbon budgets
were calculated for each footprint model and landcover map combination. Landcover carbon budgets were then summed to
create monthly and growing season carbon budgets for each footprint model and map type. Monthly and growing season carbor
budget distributions for the Bayesian homogeneous gap- lling models were similarly estimated. The obsetoedr NEE

uxes with MDS gap- lling were also summed over time and multiplied by the total scaling region to arrive at comparative
monthly carbon budget estimates. £kas presented alongside NEE in carbon budgets agseg@Qivalents (C@-eq) by mul-

10
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. For discussion of uncertainty in carbon budgets, we calculate 89% Bayesian credible intervals (CI), which are analogous to
frequentist 95% con dence intervals (Kruschke, 2014; McElreath, 2015; Hobbs and Hooten, 2015), using the highest density
interval method from the “baysetestR' package (Makowski et al., 2019).

3 Results & Discussion
3.1 Footprintin uence

The most common and most in uential landcover within the footprints was tundra, averaging 70% in uence over the growing
season for all three footprint model types. There was a fairly even distribution between tundra category types, though sedge
tundra had slightly more in uence than lichen, shrub, and degraded edges. The footprint in uence from wetlands was com-
parable to that of individual tundra types. The least represented landcovers were degraded permafrost and surface water, bot
of which were betweefd-260.to 20% in uence (FigS253). The vast majority of footprints were a mix of landcover types,

with almost no individual footprints having a landcover type with more than 75% in uenced&3@). There was aurprisitg

fair amount of agreement between the three footprint models, with the majority of footprint in uences close to the 1:1 line on
regressions between model types (Fig 2, &&$3). Other studies that have sought to compare the ability of these footprint
models to recover known ux sources have found little distinction between them, despite the differences in their methodology
(Coates et al., 2021; Rey-Sanchez et al., 2022). However, the landcover in uences used here were sums of all pixel in uences
within a landcover type, therefore small differences between models on a pixel basis were cumulative and would lead to larger

the peak footprint in uence was near the boundary between two landcover types; thus, a small shift in peak location between
model types would lead to a large difference in landcover in uences. A higher resolution landcover map (e.g., 3 m or smaller)

would minimize some footprint model discrepancies, though this is relative to the extent of the footprints and the scale of

landscape heterogeneity affecting carbon uxes.

3.2 Model performance

All posterior predictive checks were passed (Bayesian p-values of 0.1 < p < 0.9), and all parameters converged (Gelman
diagnostics 1) for every Bayesian gap- lling model. All Bayesian gap- lling models were able to accurately reconstruct
S4). The only notable deviations were exclusive to outlier&@tower NEE observations. This result is not unexpected,
aseddyeovariancedatabEC are often noisy. Mismatch witBC tower NEE outliers could also be a consequence of processes
dominating uxes that were not represented in our models, e.g., highed@ssions from ebullition aligning with high lake

in uence within a footprint. When comparing performance for lling the same arti cial gaps, all Bayesian models had a better
(lower) RMSE than the MDS method (Fig 3). The Bayesian models, both heterogeneous and homogeneous, drive NEE as

11






