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Abstract. Large changes in the Arctic carbon balance are
expected as warming linked to climate change threatens to
destabilize ancient permafrost carbon stocks. The eddy covariance (EC) method is an established technique to quantify
net losses and gains of carbon between the biosphere and
atmosphere at high spatiotemporal resolution. Over the past
decades, a growing network of terrestrial EC tower sites has
been established across the Arctic, but a comprehensive assessment of the network’s representativeness within the heterogeneous Arctic region is still lacking. This creates additional uncertainties when integrating flux data across sites,
for example when upscaling fluxes to constrain pan-Arctic
carbon budgets and changes therein.
This study provides an inventory of Arctic (here
> = 60◦ N) EC sites, which has also been made available
online (https://cosima.nceas.ucsb.edu/carbon-flux-sites/, last
access: 25 January 2022). Our database currently comprises
120 EC sites, but only 83 are listed as active, and just 25 of
these active sites remain operational throughout the winter.
To map the representativeness of this EC network, we evaluated the similarity between environmental conditions observed at the tower locations and those within the larger Arctic study domain based on 18 bioclimatic and edaphic variables. This allows us to assess a general level of similarity
between ecosystem conditions within the domain, while not

necessarily reflecting changes in greenhouse gas flux rates
directly. We define two metrics based on this representativeness score: one that measures whether a location is represented by an EC tower with similar characteristics (ER1) and
a second for which we assess if a minimum level of representation for statistically rigorous extrapolation is met (ER4).
We find that while half of the domain is represented by at
least one tower, only a third has enough towers in similar
locations to allow reliable extrapolation. When we consider
methane measurements or year-round (including wintertime)
measurements, the values drop to about 1/5 and 1/10 of the
domain, respectively. With the majority of sites located in
Fennoscandia and Alaska, these regions were assigned the
highest level of network representativeness, while large parts
of Siberia and patches of Canada were classified as underrepresented. Across the Arctic, mountainous regions were particularly poorly represented by the current EC observation
network.
We tested three different strategies to identify new site locations or upgrades of existing sites that optimally enhance
the representativeness of the current EC network. While
15 new sites can improve the representativeness of the panArctic network by 20 %, upgrading as few as 10 existing sites
to capture methane fluxes or remain active during wintertime can improve their respective ER1 network coverage by
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28 % to 33 %. This targeted network improvement could be
shown to be clearly superior to an unguided selection of new
sites, therefore leading to substantial improvements in network coverage based on relatively small investments.

1

Introduction

Because of the vastness, inaccessibility, and extreme climate
of the Arctic zone, research in this region is a complex endeavor. There are large pools of soil organic carbon in the
Arctic (Yu, 2012; Hugelius et al., 2014; Schuur et al., 2013;
Strauss et al., 2017; Nichols and Peteet, 2019; Mishra et al.,
2021) that have accumulated over the past millennia, which
are at increased risk of thawing linked to climate change
and its associated Arctic amplification (Schuur et al., 2008;
Serreze and Barry, 2011; IPCC, 2014; Schuur et al., 2015;
Meredith et al., 2019; Hugelius et al., 2020). With limited
insights into current Arctic carbon cycle processes, it is difficult to determine trends and changes in Arctic carbon budgets (Belshe et al., 2013; McGuire et al., 2012; Oechel et al.,
2014; IPCC, 2019; Bruhwiler et al., 2021). Therefore, our
ability to establish quantitative links between climate change
and carbon processes, as well as to forecast future carbon cycle processes, is severely limited, especially when regarding
wintertime fluxes (Zimov et al., 1996; Wille et al., 2008; Euskirchen et al., 2012; Marushchak et al., 2013; Lüers et al.,
2014; Oechel et al., 2014; Natali et al., 2019).
Eddy covariance (EC) is a widely used method to measure
ecosystem-scale greenhouse gas fluxes (Baldocchi, 2003;
Sulkava et al., 2011; Pastorello et al., 2020). The method is
nondestructive and allows continuous monitoring of surface–
atmosphere exchange fluxes at high temporal frequency (Baldocchi et al., 1988; Lee et al., 2005; Burba and Anderson,
2010; Aubinet et al., 2012). Despite the difficulties listed
above, many EC sites that measure greenhouse gas fluxes
have been established in the Arctic (Kutzbach et al., 2007;
Dolman et al., 2012; Ueyama et al., 2013; Zona et al., 2014;
Emmerton et al., 2016; Zona et al., 2016; Parmentier et al.,
2017), which for this study we consider to be the region north
of 60◦ latitude. Most of these sites are affiliated with global
and regional EC flux networks (e.g., Fluxnet, AmeriFlux,
AsiaFlux, Integrated Carbon Observation System), facilitating multi-site syntheses. However, to date there is no such
network that specifically lists all the sites in the Arctic. Moreover, beyond the fact that metadata information for specific
sites sometimes differs between these networks, some sites
are simply not listed in any of them, which makes it difficult
for scientists working in this domain to gain a clear overview
of all available EC data.
Knowing the current and past spatiotemporal distribution
of EC sites is not enough to fully understand to what degree this network represents the Arctic domain. The reason
for this is that EC towers have a field of view that typically
Biogeosciences, 19, 559–583, 2022

does not extend further than a kilometer from the tower, often less (Leclerc and Thurtell, 1990; Horst and Weil, 1992;
Schmid, 1994, 2002; Vesala et al., 2008). Accordingly, with
currently about 120 terrestrial EC towers situated within the
Arctic domain, only a very small fraction of the region gets
directly observed, while most of its expanse remains unsampled. Larger footprints would not solve this problem, as the
greater heterogeneity would still be hard to capture. Meteorology, vegetation, aboveground and belowground conditions, and topography are critical drivers of hydrological and
biogeochemical processes at landscape scale and of greenhouse gas (GHG) fluxes, and their variability across the Arctic therefore also causes variability in flux rates. For upscaling purposes (i.e., when fluxes are predicted over larger areas), typically a tower is held as representative for the ecosystem and the region where it is stationed (Desai, 2010; Jung
et al., 2011; Xiao et al., 2012; Chu et al., 2021); however,
except when using a very coarse classification of ecosystem
types, the existing EC network still cannot cover all ecosystems across the Arctic, and a coarser classification would increase heterogeneity within the ecosystem class and reduce
the representation within the ecosystem class. Still, a number
of published studies have successfully demonstrated the effectiveness of using meteorological and environmental variables as explanatory variables for estimating GHG fluxes at
regional to global scales (e.g., Jung et al., 2020; Knox et al.,
2019).
There have been several studies that aim at evaluating the
spatial coverage of regional EC sites (Sulkava et al., 2011;
Hoffman et al., 2013; Chu et al., 2021; Villarreal and Vargas,
2021). For the high-precision concentration atmospheric tall
tower networks, which can be utilized to integrate fluxes on
regional scales through their large footprints, similar studies
have been performed (Shiga et al., 2013; Ziehn et al., 2014;
Kountouris et al., 2018), though none of these focused on
the Arctic. Even though the patchiness of Arctic field sampling locations has received more attention lately (Metcalfe
et al., 2018; Virkkala et al., 2019), so far only the distribution
of the Arctic chamber network has been extensively summarized (Virkkala et al., 2018). Thus, overall we find no detailed
analysis of the Arctic EC network. The pronounced spatial
variability in Arctic ecosystem characteristics across scales
makes this evaluation especially difficult (Lara et al., 2020;
Tuovinen et al., 2019; Virkkala et al., 2021) but at the same
time highly important.
Building on a study by Hoffman et al. (2013) that presented an analysis of the Alaskan EC network, in this study
we will provide a first in-depth evaluation of the current
and past pan-Arctic EC flux observation infrastructure. Our
method uses quantitative multivariate clustering, which has
many uses from creating maps of geological regions (Harff
and Davis, 1990) to watershed delineation (Hessburg et
al., 2000) and ecoregion classification (Zhou et al., 2003).
Hargrove and Hoffman (2004) give an extensive overview
of these applications, which are based on the concept of
https://doi.org/10.5194/bg-19-559-2022
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mapping normalized ecosystem variables such as topography, precipitation, and temperature in an n-dimensional data
space using one axis for each variable. The closer two points
are in this variable space, the more alike they are, and the
more likely they are to be classified as belonging to the same
ecoregion when clustered by a k-means algorithm. Thus, the
distance can be interpreted as a metric of variability. Aiming
at assessing the representativeness of the EC network in the
US, Hargrove and Hoffman (2004) then calculated the distances between each constructed ecoregion without an EC
site to the closest ecoregion with an EC site. Hoffman et
al. (2013) later extended this method to map the Alaska EC
network. Instead of aggregating the distances between ecoregions, they calculated the distance between each pixel in the
map and the closest EC site. This approach thus preserves
the fine-scale variability that is lost when aggregating to the
ecoregion level. In our implementation we will also perform
this analysis on an individual pixel scale.
Our analysis aims to quantify representativeness in the
pan-Arctic domain based on this similarity in key ecosystem characteristics of any location in our domain to those of
the EC sites. We further use the analysis by Hill et al. (2017)
on the statistical power of EC systems to put these representativeness measures into perspective regarding the general
potential to upscale fluxes from sparse EC networks. Moreover, we use the results from the representativeness analyses
to identify the most suitable locations for new observation
sites and upgrades to existing infrastructure that would optimally enhance the performance of the Arctic EC network as
a whole. Finally, this paper and its corresponding online tool
aim at providing an easily accessible source of information
on Arctic flux monitoring infrastructure for scientists working on the carbon cycle.

2
2.1

Methods
Assessment of flux site infrastructure

To properly assess the extent of the Arctic EC network, a
comprehensive inventory is required of all eddy covariance
flux sites within the domain. To achieve this goal, as a first
step we combined metadata (i.a., PI contact information,
site name and ID, species sampled, sampling activity, auxiliary measurements) from sites listed within these established
flux networks: Fluxnet (https://fluxnet.fluxdata.org, last access: 31 January 2019), AmeriFlux (https://ameriflux.lbl.
gov/sites/site-search, last access: 31 January 2019), the European Fluxes Database Cluster (http://www.europe-fluxdata.
eu/home/sites-list, last access: 31 January 2019), ICOS
(https://www.icos-cp.eu, last access: 31 January 2019), and
AsiaFlux (https://www.asiaflux.net/, last access: 28 January 2022). The initial search for EC sites was restricted to
those located north of 60◦ latitude. Even though this publicly available information already covered a large part of
https://doi.org/10.5194/bg-19-559-2022
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the final site list, we discovered a few limitations with these
datasets. First, in some cases when a site appeared in several databases, metadata were not always consistent between
them. Second, often some part of the metadata fields was
missing, especially detailed information on temporal coverage. Here, generally only start and, if applicable, end times
were mentioned, while no information was provided on the
seasonal discontinuation of operation that is important particularly at Arctic sites, many of which are only operated during the growing season. Third, a considerable number of sites
were not listed in any of the flux networks listed above.
To acquire more comprehensive site-level metadata, we
conducted an online survey among principal investigators
(PIs, contacted through personal networks and the Fluxnet
newsletter) of flux sites in the Arctic. In addition to confirming basic information such as exact location, contact information, and, where applicable, references that describe site
operations in detail, we specifically asked for the following
items:
– detailed times of operation (on a monthly scale), broken
up by CO2 and CH4 fluxes;
– list of gas species measured;
– details on eddy covariance instrumentation (e.g., types
of sonic anemometer and gas analyzer);
– details on auxiliary measurements, for example snow
depth and precipitation, including power supply; and
– mode of data availability (e.g., open, passwordrestricted, upon request).
At the time of writing, we have received 66 responses to our
metadata request from site PIs. For all sites for which new
data were provided by PIs, in our final site list we used the
more recent information from our survey to replace existing
information from the databases. We contacted PIs and flux
networks in cases of conflicting information.
An overview of the eddy covariance flux network that
our list comprises will be given in the Results section.
To make this information accessible to the Arctic research
community, we created an online mapping tool hosted by
the Arctic Data Centre of the National Centre for Ecological Analysis and Synthesis (https://www.nceas.ucsb.edu/
arctic-data-center, last access: 25 January 2022). This tool
combines several datasets: the EC site set of this paper, a
chamber flux set, and an atmospheric tower set. It also comprises several sites > 50◦ N to encompass the majority of
high-latitude permafrost regions and is accessible at http://
cosima.nceas.ucsb.edu/carbon-flux-sites (last access: 25 January 2022) as an easy-to-use web interface that allows the
user to identify data availability within certain regions, timeframes, or biome types. The main tool consists of three elements: the central interface holds maps in several layers
Biogeosciences, 19, 559–583, 2022
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where the location of the sites is shown, and basic information can be retrieved in popup windows. Furthermore, a
panel allows selections of sites based on type, location, activity, and duration of observations, while a table at the bottom contains detailed information on all selected sites, and,
if available, direct links to the actual data are provided. Lists
of selected sites for a given search can be downloaded as
comma-separated value (CSV) files.
2.2

Representativeness assessment

We applied a method described by Hoffman et al. (2013) and
Hargrove et al. (2003) to calculate a unitless relative measure
of dissimilarity between a location containing an observation site and any other location of interest within the gridded
study domain based on underlying datasets that describe the
environmental characteristics of a particular site. Dissimilarity between two locations is calculated as Euclidean distance
in standardized n-dimensional state space. The resulting representativeness score has a minimum 0 (best score, indicating
no difference) and a virtually infinite maximum. To improve
the comparison between different scenario simulations, all
values are normalized to a range between 0 and 1. Due to
infrequent but very large positive outliers, the network-wide
distribution of representativeness scores is very skewed, and
95 % of the normalized values fall within the range 0–0.03.
Accordingly, for central, aggregated values we report the median.
This method quantifies the similarity between environmental conditions as a continuously varying measure for every location on the map with respect to the EC site of interest.
Inputs to the analysis included the EC sites and their coordinates, as well as environmental data describing the conditions of the site and the entire Arctic region. We defined our
state space using 18 variables capturing bioclimatic, edaphic,
and permafrost characteristics of the Arctic landscape (Appendix A). Variables were chosen to represent the primary
environmental conditions that control hydrological, ecological, and biogeochemical processes in the broad Arctic landscape and in turn its vegetation characteristics (Natali et al.,
2019; Virkkala et al., 2021).
Given that we have an extensive network of EC sites, any
location within the study domain will be partially represented
by multiple sites in the network, with varying magnitude of
representativeness. To produce a final assessment, for each
pixel (1 km2 ) only the single best representativeness value
was retained from among all representativeness maps of individual sites to develop a complete, network-wide representativeness map. Therefore, this final network representativeness map displays on a pixel-by-pixel basis how well each
location is linked to its most closely related site and allows
differentiation at high spatial resolution between relatively
well-represented and poorly represented regions within the
target domain.

Biogeosciences, 19, 559–583, 2022

2.3

Assignment of ecoregions and network-wide
representativeness scores

While representativeness was computed on a pixel-by-pixel
basis, we used the concept of ecoregions to aid in landscapescale analysis of the results. The main purpose of the ecoregion is to group the sites into regions of homogeneous characteristics. To maintain consistency in the analysis, ecoregions were generated using an unsupervised k-means clustering approach (Kumar et al., 2011) based on the same 18
variables used for calculating representativeness scores, separating regions with similar properties in environmental data
space and minimizing internal variability. Using this clustering, the Arctic region was divided into 100 sub-regions for
our analysis. Our choice to separate the Arctic study domain
into k = 100 ecoregions is based on the following considerations: first, for a smaller number of k, ecoregions would
become excessively large and therefore increasingly heterogeneous; accordingly, they would not represent truly coherent units. Second, separating the domain into a much larger
number of k would result in ecoregions so small they would
not grant much improvement over using the raw distance.
Accordingly, after conducting sensitivity tests over a range
of settings for k (35, 100, 200, 500, and 1000), we selected
k = 100 as a compromise between ecosystem coherence and
representativeness that agrees well with our study objectives.
While statistically delineated and defined by their multivariate environmental characteristics, the resulting regions
lack a recognizable label, which is desired to interpret
and validate the ecoregions. To evaluate the robustness of
the ecoregion assignment, we use the Mapcurves algorithm
(Hargrove et al., 2006). Mapcurves calculates a statistical goodness-of-fit (GOF) metric that accounts for spatial
match and mismatch over all categories in two maps being compared. We compared the clustering-based 100 ecoregions with the Circumpolar Arctic Vegetation Map (CAVM)
(Raynolds et al., 2019), which translates 100 ecoregions to
CAVM categories, allowing for easier interpretation of the
map while still being able to use the quantitative multivariate characteristics. The key differences between our method
and the CAVM rasterized maps is that for the latter clustering was done on sub-regions of the original CAVM map using AVHRR and MODIS (red and infrared channels, as well
as normalized difference vegetation index – NDVI) as well
as elevation data from the Digital Chart of the World. The
clustering units were then aggregated to their CAVM vegetation units using a wide range of auxiliary data such as regional vegetation maps, ground-based studies, and Google
Earth imagery.
To facilitate a quantitative assessment of network coverage and put the results into context, we produced two derived metrics, subsequently labeled ER1 and ER4. Both include a threshold that allows separation of the study domain
into areas that meet a defined requirement and those that do
not based on the representativeness score assigned to each
https://doi.org/10.5194/bg-19-559-2022
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pixel. We calculate these thresholds as the 75th percentile
of the distribution of representativeness scores calculated for
the all scenario described below, restricted to ecoregions that
contain at least one site (ER1) or at least four sites (ER4),
respectively. The ER1 metric represents the domain that is
covered similarly to an ecoregion with at least one EC tower
and can thus be interpreted as the fraction of the study area
that the EC network provides basic information on. However,
one tower typically does not provide enough information to
reliably upscale fluxes to an entire ecoregion. Therefore, we
added the ER4 metric to consider a minimum number of four
towers required to reach a 0.95 statistical power to properly
characterize ecosystem EC fluxes (Hill et al., 2017). The ER4
metric can therefore be interpreted as showing the part of the
study area for which the existing EC infrastructure allows
upscaling of fluxes with reasonable confidence. The requirement of 4 towers assumes relatively flat terrain (Baldocchi,
2003), while hilly or even rougher terrain would require at
least 24 towers (Hill et al., 2017); however, since none of our
ecoregions encompass this many towers we did not include
a metric for this terrain. The chosen cutoff at 75 % generally follows studies which concluded that a perfect match
between target conditions and observed conditions is unrealistic for EC sites, so a deviation of 20 %–25 % can still be
considered “homogeneous” (e.g., Göckede et al., 2008). In
the presented study, applying this cutoff for each scenario as
described below, the derived splitting point of representativeness values to meet the ER1 metric was calculated as 0.0089,
while for the stricter ER4 metric this cutoff was 0.0063.
2.4

Network subsets

We evaluated the representativeness of the EC network in the
Arctic in a number of different subsets and configurations,
with all sites performing CO2 flux measurements and some
additionally monitoring CH4 fluxes as described below.
1. All sites (all). This set contains all sites in our dataset,
both past and present, and reflects the network in its
most extensive state. This subset serves as the starting
point for any recommendations for network extension,
since the currently inactive sites can also still contribute
data for upscaling activities, model development, and
synthesis work.
2. Active sites (active). This second set of sites includes
those that reflect the current network coverage. We selected all sites that were listed as active at the start of
2019.
3. Long-term operational sites (5-year). The third subset
comprises sites that have been operational for at least
5 data years since 1993. Data coverage does not necessarily need to be continuous in this context, and thus
both wintertime gaps and discontinuous years are considered here. We included this subset based on the ashttps://doi.org/10.5194/bg-19-559-2022
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sumption that multiple years of data can account for interannual variability (Chu et al., 2017; Baldocchi, 2020)
and therefore provide improved insight into functional
relationships between fluxes and environmental conditions.
4. Wintertime network coverage (winter). In this fourth
subset, we selected sites that provide data coverage during the Arctic wintertime (October through April, following Natali et al., 2019). With recent studies demonstrating the importance of wintertime fluxes for yearround flux budgets in the Arctic (Mastepanov et al.,
2008; Zona et al., 2016; Natali et al., 2019), information
on how well our observational infrastructure can capture
these signals across the Arctic domain is crucial.
5. Sites with methane fluxes (CH4 ). Even though the total
carbon release of methane is much lower compared to
CO2 fluxes (McGuire et al., 2012), due to its high global
warming potential methane needs to be accounted for
when constraining carbon cycle feedbacks with global
climate change. This is particularly the case for the
large fraction of waterlogged areas throughout the Arctic. Since methane fluxes are far more dependent on microtopography than CO2 fluxes (Peltola et al., 2019) and
therefore display an elevated spatial variability, extrapolating methane flux results is associated with large uncertainties.
6. Wintertime methane fluxes (winter-CH4 ). This set is the
intersection of the wintertime and methane flux sets.
The core question we aim to answer for each of these subsets of sites is how well the existing network is capable of
capturing spatiotemporal variability in environmental conditions, and therefore also in surface–atmosphere fluxes across
the pan-Arctic domain.
2.5

Upgrades to observational network

One closely related task to evaluating current network representativeness is to identify the optimal locations for a coordinated network expansion in the case that our analysis reveals
substantial gaps in network coverage. Since testing each cell
and each combination of a number of expansion locations
would come at excessive computational costs, we developed
the following approach for this purpose.
We first restricted new site locations to places with
existing infrastructure, mainly villages and weather stations.
The reasoning for this was that setting up and servicing an
eddy covariance site – especially when aiming at staying
operational during wintertime – requires some level of
infrastructure and ideally staff that lives nearby. Thus,
we identified the locations of populated places within the
Arctic as described in the natural Earth populated places
dataset
(https://www.naturalearthdata.com/downloads/
10m-cultural-vectors/10m-populated-places/, last access:
Biogeosciences, 19, 559–583, 2022
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7 April 2018). This first shortlist of potential new sites was
further reduced by excluding all villages in ecoregions that
already contained an EC site in the all subset. This included
some of the most densely populated Arctic regions, thus
significantly reducing the number of potential new sites to
just 109.
For the winter, methane, and winter-methane scenarios,
we opted for a different subset of candidate sites. As upgrading existing sites is far more cost-efficient than establishing
a new one, instead of using new locations we first focused
on existing sites that lack either wintertime measurements,
methane measurements, or both. A final stepwise analysis
also included both existing and new candidate sites for these
scenarios.
For each candidate location, we created an individual representativeness map that quantifies how similar each area
around the Arctic is to the environmental conditions at the
given site. To evaluate how the addition of each site, or combinations thereof, influences the overall representativeness of
the observation network, one or several of these maps were
subsequently combined with the existing representativeness
maps of the different scenarios outlined above. Since the influence of multiple towers on a single pixel is not additive
in our approach, but instead only the single best score will
be retained, the final representativeness score on a pixel-bypixel basis is simply the minimum value across all individual maps that are being combined. The overall impact of new
sites being added was finally evaluated by comparing median
representativeness scores across the Arctic region between
original and extended network versions.
We tested three methods to quantify the impact of adding
individual new sites, or combinations thereof, on the overall
network representativeness score. Ranking these results allowed us to optimize the network based on these maps, i.e.,
identify the new sites that best complement the existing coverage.
1. Exact. This method tests all possible combinations of
adding a set of k new sites to existing observational networks. It thus guarantees that, for each k value, the combination of new sites can be identified that optimally enhances overall network representativeness. It is highly
computationally expensive though: for example, given
a pool of 109 candidate sites, adding k = 3 new sites
implies that there are already 209 934 potential combinations that need to be tested. Since this follows a factorial growth until k equals the size of half the dataset,
the method is thus only applicable for a small number
of additional sites.
2. Stepwise. Instead of comparing all possible combinations when adding multiple sites, this approach sequentially identifies a single best site that can be added to
an existing network. Starting with an existing network,
all candidate sites are tested individually, and the one
site is selected that results in the best improvement to
Biogeosciences, 19, 559–583, 2022

the network representativeness. This site is then added
to the existing network and accordingly excluded from
the list of candidate sites. In the next step, the approach
searches among the remaining candidate sites for the
next best addition, adds it to the existing network, and
so on. This iteration continues until all candidate sites
have been added in their order of relevance. While this
simplified approach cannot guarantee that the combination of k sequentially added sites is indeed the best
combination of k sites to be added to the existing network, it significantly reduces computational expenses
and therefore also facilitates the identification of subsets
of sites for large k values. For example, selecting k = 3
new sites from our pool of 109 candidate sites this way
just requires testing a total of 324 combinations, which
is several orders of magnitude lower compared to the
exact method.
3. Stepwise ecoregion exclusion (stepwise-ee). This
method is identical to the stepwise method described
above, only instead of removing just the single selected
sites from the list of candidate sites, here we remove all
sites from the same ecoregion as the selected site.
Owing to the excessive computational costs, the application
of the exact optimization method had to be limited to a low
number of additional sites. Based on this method, we identified the best subsets of sites to be added and the corresponding improvement in network coverage for one to three new
sites for the all scenario and for one to six new sites for
the remaining three scenarios. We therefore resorted to using
the exact method as a reference to evaluate the performance
of the computationally more efficient, but only approximate,
stepwise method and found that both approaches yield corresponding results within the overlapping ranges. All further
optimization results are therefore based on the stepwise results, since it allows evaluation of a larger subset of new sites.
To evaluate the efficiency of these guided approaches to
upgrade existing observation networks with new sites, as a
control we compared the results based on the approaches
above with network upgrades using random selection of new
sites. In this context, for each subset of new sites to be added
to the network or to be upgraded, a total of 100 unique combinations of these candidate site sets were drawn, and the
median of the observed increase to the network representativeness score was taken as the final result. Cases with a low
number of new or upgraded sites, i.e., with the number of
possible combinations smaller than 1000, were excluded to
warrant the randomness of sample drawing. Instead here for
low values of k we used the median of all combinations as
computed by the exact method since a sufficiently large sample of random tests approaches this value. The guided approach should see large gains in initial network development,
as the most optimal sites are chosen first. Consequently, with
the best locations already been selected, later additions will
have a reduced impact on the network representativeness.
https://doi.org/10.5194/bg-19-559-2022
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Using a random site selection method, we expect initial improvements to be lower, but at the same time the decline in
improvement per additional site will be less since later additions might still contain high-impact locations. While normally sites are not strictly selected at random, they are typically not chosen with the entire network in mind, and some
bias exists as far as accessibility, funding, and existing infrastructure.

3
3.1

Results
Assessment of flux site infrastructure

Through merging information from existing databases and
adding details from the online survey among site PIs described above, we identified 120 EC sites situated within the
domain north of 60◦ latitude. A total of 83 of these sites
(69 %) were listed as active at the start of 2019, while the
remaining 37 sites had either been permanently or temporarily discontinued at that time (Table 1). The distribution of
these sites across the study domain is uneven, with the majority located in Europe and Alaska (61 % of all active sites),
i.e., regions that only account for about 12 % of the total
surface area. This imbalanced distribution of sites (Fig. 1)
leaves large regions of the Arctic with comparatively sparse
network coverage, particularly regarding central and eastern
Siberia and eastern Canada.
The number of sites within the Arctic EC network has
steadily grown since the establishment of the first sites in
Alaska in 1993: Utqiaġvik (formerly Barrow), Happy Valley, and Upad. Figure 2 indicates that the installation of new
sites gained momentum in the late 1990s, and the network
steadily grew until reaching its current level of slightly over
80 active sites around 2011. Since that time, the size of the
network has remained more or less stable; i.e., newly established sites largely balanced site shutdowns. Owing to the
harsh Arctic climate conditions, wintertime site activity is
clearly lagging behind summertime data coverage. Of the 33
sites that report year-round activity, 25 sites are still in operation. Accordingly, year-round activity, i.e., sites including
cold season data coverage, is currently at about the same level
as the summertime measurements were 15 years ago. Moreover, 81 % of these wintertime measurements took place in
Europe and Alaska, leaving most parts of Canada and Russia
with very low data coverage outside the growing seasons.
Regarding the length of the time series covered by the
eddy flux sites, there is a pronounced variability across the
network. The longest-running site (US-Brw: Utqiaġvik, formerly Barrow) has been active for 28 years at the time of
writing. Due to the substantial extension of the network in the
2000s, today the median activity among all sites is 8 years.
The steady increase in the length of the data records over
time implies that a growing number of sites is suitable to dehttps://doi.org/10.5194/bg-19-559-2022

Figure 1. Overview map of EC sites in our consolidated Arctic database. Green symbols indicate sites with CO2 fluxes
only, whereas purple indicates CO2 and CH4 flux measurements.
Snowflakes show sites with reported wintertime measurements. The
yellow line indicates the Arctic treeline (Alaska Geobotany Center,
2005).

Figure 2. Development of eddy covariance network data coverage
at monthly time steps. The fluctuating black line gives the total number of active sites per month, and orange and light blue lines indicate the long-term development of data coverage during summer
and winter, respectively. For sites from our dataset where activity
was only specified per year, summertime-only data coverage was
assumed.

tect trends in flux rates that can be linked to ongoing climate
change at site level across the Arctic.
Regarding the measurement of non-CO2 fluxes, only for
methane could a considerable number of observation sites be
identified that provide longer-term flux data coverage. Even
Biogeosciences, 19, 559–583, 2022
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though the methane network has been growing steadily over
the past years owing to the availability of a new generation
of gas analyzers, the number of sites at which CH4 fluxes are
monitored is lagging far behind the CO2 data coverage: as of
2019, only 32 active sites were identified, 14 (30 %) of which
were inactive. This is similar to the wintertime data coverage:
even though methane flux data coverage has been improving
over recent years, there are still large gaps in the network, and
data coverage is at about the level of the CO2 summertime
data in the early 2000s. For other non-CO2 gases, such as
N2 O, no observational infrastructure could be identified in
the context of our data survey.
Data availability is a crucial factor when it comes to the
usefulness of eddy covariance observations for communitywide research efforts in the context of climate change. PI responses to our survey indicated that the majority of the eddy
covariance datasets is currently available to interested users:
18 % of the datasets were reported as open-access, and a further 44 % will be made available on request. A total of 36 %
of the datasets comprising our database are still being processed and/or reviewed by the site PIs but will be made available in the future. Only a small fraction (2 %) is not intended
to or can no longer be shared publicly.
3.2

Representativeness assessment

Our analysis of the representativeness of the Arctic EC tower
network reveals pronounced regional gradients. The choice
of the subset of towers (Fig. 3) clearly shows the difference in
representativeness. At the same time, the two different quality standards (Figs. 3 and 4) also show stark contrasts when
differentiating the domain into represented and upscalable areas. Linked to their dense coverage with continuously operated sites, across scenarios the northern European countries
Finland and Sweden as well as the North Slope region of
Alaska stick out with the highest data coverage. At the other
end of the coverage spectrum, the representativeness analysis of the Arctic EC site network shows large areas of Siberia
and Canada as poorly represented (Figs. 3 and 4), even when
it comes to summertime data on CO2 fluxes.
The location of coverage gaps in our representativeness
maps can to a large extent be explained by ecosystem characteristics. The majority of EC towers located >= 60◦ north
that were included in our study are either located in lowerlying tundra landscapes and wetlands or in forests of the taiga
sections included in our domain. Higher elevations, particularly mountain ranges, generally show a low EC flux data
coverage across the Arctic. A comparison of our representativeness scores with ArcticDEM (Porter et al., 2018) elevation data as a proxy for mountain ranges resulted in a positive
correlation (r = 0.26, p < 0.001). Accordingly, the majority
of the larger gaps indicated by our maps are characterized by
higher elevation.
We see large differences between the tested subsets. Encompassing the full 120 sites within the database, the all netBiogeosciences, 19, 559–583, 2022

Table 1. Overview of activity of EC sites in the study domain (>=
60◦ N) by 2019. For sites that did not report data availability on a
monthly basis, we assumed no activity during wintertime.
Subset
All
5-year
Winter
CH4
Winter-CH4

Active

Inactive

83
73
33
32
16

37
16
8
14
3

work produces the largest fraction of represented areas, while
the active current network status and the 5-year networks,
both based on a considerably smaller number of towers, differ only slightly in overall coverage and regional patterns.
Linked to the lower number of applicable tower sites, wintertime activity and CH4 measurements show a pronounced
reduction in network coverage in comparison. This emphasizes the outstanding character of the previously mentioned
highly instrumented regions even further: a high regional representativeness for methane fluxes is mostly limited to the
Alaska North Slope, the Fairbanks region, Sweden, and Finland. Outside these regions, representative data coverage is
only sporadic. Regarding wintertime measurements, a similar picture emerges as described for methane fluxes, but here
some extra sites in Canada enhance network coverage in this
domain.
The ER1 and ER4 metrics described in Sect. 2 can be
used to quantify the fraction of the study domain that falls
within the specified cutoff values. Based on the ER1 metric, about half of the Arctic terrestrial area can be considered to be represented by at least one tower for the all, active, and 5-year networks (Table 2). The fraction of the domain that is represented drops to about one-third for methane
measurements and is even lower for the wintertime observation network (26 %). Finally, wintertime methane measurements only cover one-fifth of the Arctic. Based on the
ER4 case aiming at minimal required upscaling standards,
all these values get further reduced. In this case, the all, active, and 5-year site networks can only reliably be upscaling to about one-third of the Arctic domain, whereas winter
and CH4 measurements can represent only 13 % and 19 %
of the domain, respectively. With only 9 % coverage, wintertime methane is largely limited to the Alaska North Slope
and Sweden. With this more restrictive metric, the direct local influence of individual towers becomes more apparent.
A comparison of the CAVM map with the k-means clustered ecoregion maps shows that 52 % of the grids are identical, whereas when we look for similar vegetation (e.g., cryptogam, herb barren with cryptogam, barren complex) we find
them to be in accordance in 66 % of the grids. Figure B1 in
Appendix B shows a cluster-based visualization of the comparison.

https://doi.org/10.5194/bg-19-559-2022

M. M. T. A. Pallandt et al.: Representativeness assessment of the pan-Arctic eddy covariance site network

567

Figure 3. Representativeness of all (a), winter (b), CH4 (c), and winter-CH4 (d) flux subsets. The representativeness of the active and 5-year
subsets has a similar pattern, though with reduced values, as the all scenario and can be found in Appendix C. The center value of the color
spectrum equals the ER1 cutoff (i.e., the 75th percentile of representativeness values of ecoregions with at least one site), and thus warm and
yellow shades match represented regions, whereas cold and blue shades do not meet this criterion.

3.3

Upgrades to observational network

The targeted selection of new site locations to sequentially
fill the biggest gaps in the existing network, as executed
by these stepwise optimization approaches, yields clear improvements in overall network coverage (Fig. 5) compared
to the conditions before the optimization (i.e., the “current”
network as shown in Figs. 3, 4 and Table 2). For example,
when adding 15 new sites to the all network (an increase
in the number of sites by 12 %), with the guided optimizahttps://doi.org/10.5194/bg-19-559-2022

tion we could increase the fraction of the domain which falls
within the ER1 cutoff rise from 55 % to 69 %, corresponding
to a relative increase of 25 %. Since the other three scenarios
start at an overall lower coverage level for the existing network, increases in both the fraction of pixels that meet the
ER1 criteria and their percentage change are larger (Table 3).
Particularly for the winter and winter-CH4 networks, the area
could approximately be doubled or more than doubled respectively. Gains in overall network coverage are biggest for
the first sites added, then asymptotically level off (Fig. 6).
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Table 2. Representativeness, percentage difference, ER1, and ER4
for the six subsets. Representativeness indicates the median representativeness values of the entire domain (the closer to zero, the
better the representativeness), and “% diff” indicates the difference
in representativeness compared to the all scenario, with a larger difference indicating a lower representativeness compared to the entire
network in its all subset. ER1 and ER4 represent the fractions of the
domain that fall within their respective cutoff values.

All
5-year
Active
Winter
CH4
Winter-CH4

Figure 4. Representativeness of the all subset of sites using the ER4
cutoff as a center value of the color spectrum (i.e., the 75th percentile of representativeness values of ecoregions with at least four
sites). As in Fig. 3, warm and yellow shades indicate regions with a
score below this cutoff, i.e., well-represented regions, whereas cold
and blue shades do not meet this criterion. The representativeness
values underlying this map are identical to those used in Fig. 3, but
due to the stricter ER4 quality criteria, the size of the domains that
fall within this cutoff is lower. However, this region can realistically
be upscaled from the existing network.

For the all network, this pattern is rather subtle, while for
the other three scenarios, the flattening of the curve is clearly
visible after about 10 sites have been added. This can be attributed to the fact that the pool of candidate sites is significantly higher for the all network, with 109 potential new locations, whereas winter, CH4 , and winter-CH4 have 30, 25,
and 38 potential upgrade sites, respectively. The fact that the
all network is already better represented is another difference that can explain the more gradual and smaller relative
improvements. Network coverage fractions are different for
the ER4 metric, while in relative terms the gains in numbers
when adding new sites are comparable to the ER1 results. It
is of interest to note that as few as five sites to upgrade the
network can double the size of the region of the winter-CH4
network that meets the ER4 criteria. Between 15 to 25 new
site additions to the all subset would be required to have high
(ER4) statistical confidence for upscaling that covers 50 % of
the Arctic terrestrial domain.
While using the presented optimization method, gains in
the representativeness of the domain are characterized by
an initial steep increase, followed by a gradual leveling off;
these gains follow a nearly linear trajectory when randomly
Biogeosciences, 19, 559–583, 2022

Representativeness

% diff

ER1

ER4

0.0081
0.0089
0.0094
0.0141
0.0120
0.0159

0%
9%
17 %
73 %
48 %
95%

0.55
0.50
0.46
0.26
0.34
0.21

0.35
0.32
0.28
0.13
0.19
0.10

selecting additional sites (Fig. 6). This is clearly reflected
by the mean network improvement that is imposed by the
first site added: for example, in the case of the all subset of
sites, identifying the best site to be added improves the entire
network coverage by 4.0 %, whereas any random site would
on average only lead to an improvement of 0.6 %, which is
a difference by a factor of 6.7. This advance gradually decreases; when the number of sites to be added is close to the
number of potential sites the overall improvement between
a targeted optimization and a random site selection are close
again, since at such a point there no real choice to be made.
The greatest cumulative difference between the optimized
and random assignment of sites is found at around 10 sites
to be added, but even for high numbers of new sites the optimization method will always perform better than the random
method.
Comparing the stepwise method against the stepwise-ee
method that excludes candidate sites within ecoregions that
have already been filled with a new site, we found the former
to produce slightly better results. For the winter and winterCH4 scenarios, there are no differences between these methods for the first 10 sites that were added. For the CH4 scenario, with the stepwise method only a single site was chosen
that was excluded in the stepwise-ee approach, resulting in a
0.1 % difference in the fraction of represented pixels. Substantial differences were only found for the active scenario
for which four sites were selected by stepwise that were excluded by stepwise-ee; however, even in this case the net difference in network coverage was just about 1 %.
For winter, CH4 , and winter-CH4 scenarios, besides restricting network extensions to existing tower locations for
reasons of cost efficiency (upgrade approach), we also conducted a network optimization using all available candidate locations (new + upgrade approach). In this context, we
found that the new + upgrade approach yields higher gains
in the fraction of represented pixels by an average of 0.7 %
per added site compared to the upgrade scenario.
https://doi.org/10.5194/bg-19-559-2022
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Table 3. Fraction of the domain that meets the ER1 and ER4 criteria when sequentially adding up to 25 new sites to the networks, broken up
into four network scenarios.
ER1

Base
5
15
25

ER4

All

Winter

CH4

Winter-CH4

All

Winter

CH4

Winter-CH4

0.55
0.63
0.69
0.72

0.26
0.41
0.5
0.52

0.34
0.47
0.52
0.53

0.21
0.36
0.46
0.48

0.35
0.42
0.48
0.52

0.13
0.23
0.30
0.32

0.19
0.28
0.32
0.33

0.10
0.20
0.27
0.29

Figure 5.
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Figure 5. Network improvement compared to original coverage after adding five sites with guided optimization. As in Fig. 3 (left), the
center value of the color spectrum equals the ER1 cutoff (i.e., the 75th percentile of representativeness values of ecoregions with at least
one site), and thus warm and yellow shades match represented regions, whereas cold and blue shades do not meet this criterion. Green dots
represent existing sites. Stars represent the location of selected upgrade or extension locations. Relative improvement in network coverage
(right) compared to pre-optimized conditions. Here, orange shades indicate a large relative improvement, whereas purple indicates minor
improvement. Areas in black experienced no change.

To evaluate the robustness of this optimization and investigate whether or not small changes in experiment setup may
lead to vastly different results, we used the output of the exact
optimization method in additional experiments. This method
not only produces a single combination of sites that offers the
best network improvement, but also investigates all possible
combinations and their impact on the network. For the actual test, we compared the ecoregions that included the best

Biogeosciences, 19, 559–583, 2022

subset of sites with the ecoregions selected in the top 100
subsets. We found that, on average, 74.6 % of the ecoregions
included in the top-100 list match the regions selected for
the optimum case. Accordingly, even though different subsets of sites were selected, the regions targeted for extension
remained largely the same, as did the quantitative gains in
network coverage.
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Figure 6. Percentage improvement compared to pre-optimized for the first 25 additions. As opposed to Table 3, these panels show improvement in the representativeness value and not the ER1 or ER4 metrics. Orange lines indicate the improvement with the selective stepwise
optimization method, and blue dotted lines represent the alternative approach of improving the network by selecting sites in random order.

4
4.1

Discussion
Assessment of flux site infrastructure

This study documented the past and current status of the Arctic eddy covariance site infrastructure, assessed current gaps
in network coverage, and developed strategies on how to best
fill them. Analyses were based on metadata on the pan-Arctic
EC network summarized in an online mapping tool, demonstrating the expansion of the network since its inception in
1993 to 120 individual tower locations. We show here that
even though the network has expanded substantially over the
past decades, there are still large coverage gaps. These gaps
concern not just spatial representation of the heterogeneous
Arctic landscape, but also the monitoring of key parameters
such as methane and temporal aspects such as wintertime and
zero curtain fluxes.
While great care has been taken in collecting metadata for
our database of Arctic flux sites, this database by its very
nature is a work in progress. Accordingly, the current state
of the online database will deviate slightly from the version
used in this paper, since we continuously work in data updates provided by site PIs and also encourage PIs of new
sites to contact us in the future. For reference, a version of
the database reflecting the state that was used to produce results summarized in this study has been retained. Since we
rely on PI feedback to ensure correctness of the collected information, occasional gaps and outdated data in the database
are possible.
https://doi.org/10.5194/bg-19-559-2022

Since we did not receive PI feedback on our database survey for some sites, we do not have information on site activity in monthly (or seasonal) time steps for the entire Arctic
network. For sites where this information is missing, we assume summertime activity only; i.e., no non-growing season
flux data are available. This assumption is based on an assumed workflow whereby in spring, once sites become accessible again, the equipment is serviced and activated for operation during the growing season and then kept running into
autumn and winter until instrument failures and/or loss of energy supply terminate data acquisition. As a consequence, the
site lists used for the non-growing season represent a conservative picture of the year-round network coverage; i.e., we
only consider sites for which wintertime activity was confirmed. We anticipate refining this assessment with additional
PI responses to our database survey. In Fig. 2, the network
growth seems to level off around 2012. However, it is possible that part of this slowdown in network growth can be
attributed to delays in updating sites and studies in the online
depositories. Since it is not uncommon to restrict data access
until first results have been published by the data owners, future data availability for the most recent years may in fact be
higher than reflected by our database.
We would like to highlight that while the main focus of
our analysis was on the spatial pattern of measurements, the
temporal distribution of measurements is an important aspect
as well, and not all temporal effects could be captured by the
method applied for this study. On a short temporal scale, data
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gaps are a problem that needs to be resolved when calculating
annual budgets. A typical tower in temperate climate zones
has a data coverage of 65 % (Falge et al., 2001), and considering the typical wintertime shutdown and more extreme
weather, this value will be lower in the Arctic. And while
there are gap-filling methods, the errors of these methods increase with gap size (Falge et al., 2001; Moffat et al., 2007).
Furthermore, it should be noted that long time series are exceptionally valuable for studying ecosystem feedbacks with
climate, as explained, e.g., by Baldocchi (2020), and interannual variability and long-term ecological trends are especially impossible to detect without long-term observations.
4.2

Representativeness assessment

Our evaluation of the representativeness of different subsets
of EC stations was based on a pixel-by-pixel comparison
of bioclimatic and edaphic conditions between tower locations covered by the network and the Arctic study domain.
Evaluating all available sites, we obtained sufficient coverage by the ER4 metric for Finland, Sweden, western Russia,
Alaska, and parts of Canada, while large regions of Canada
and Siberia were poorly represented. This matches our earlier observations evaluating the general distribution of site
locations. Besides this regional imbalance, across the Arctic
large coverage gaps were associated in mountainous regions.
Focusing on the ER1 metric – which shows a representation similar to an ecoregion with at least one tower – only
about half of the Arctic (excluding glaciers) can be considered represented by the EC tower network, as far as CO2
fluxes are concerned (Table 2, all, 5-year, active). Limiting site selection to subsets wintertime and CH4 , represented
regions were substantially reduced to about a quarter of
the Arctic (Table 2, wintertime, CH4 , wintertime-CH4 ) and
largely focused on Finland, Sweden, and parts of Alaska. A
focus on the ER4 metric indicates that only 1/3 of the Arctic can be represented with high statistical power (Table 2,
all, 5-year, active), and if we consider the wintertime networks as the configurations with the only reliable year-round
carbon budget, this value drops to about 1/10 of the Arctic
domain. This constitutes an important gap in data coverage,
since while wintertime fluxes in the Arctic are substantially
lower than those during summer time, they are still significant for Arctic carbon budgets (Zimov et al., 1996; Wille et
al., 2008; Euskirchen et al., 2012; Marushchak et al., 2013;
Lüers et al., 2014; Oechel et al., 2014; Zona et al., 2016; Natali et al., 2019).
Comparing our representativeness assessment with similar
works shows a good match with results presented by Virkkala
et al. (2019), who also identified the best data coverage for
Fennoscandia and Alaska, while the overall patchy coverage in Siberia mainly focused on individual, densely instrumented research stations. Also, a global network evaluation
(Jung et al., 2020), based on a so-called extrapolation index
as an indicator of expected error, shows a similar pattern,
Biogeosciences, 19, 559–583, 2022

with Arctic errors generally at a high level compared to the
global average but Canada and Siberia showing exceptionally high extrapolation uncertainties within the Arctic. And
while only having a small overlap with our domain we see a
similar underrepresentation of Norwegian mountain regions
as shown in Sulkava et al. (2011).
Our evaluation of network representation provides valuable information for flux synthesis, upscaling, or data assimilation activities. When upscaling fluxes, our maps can be utilized as a measure representing the extrapolation uncertainty
from observation sites to the larger domain. For the current
network, these maps make it obvious that EC data can reliably be upscaled within Fennoscandia and Alaska, at least
when average bioclimatic and edaphic conditions are considered, while within other domains special care is required
regarding site selection and weighing their inputs in order to
avoid systematic bias. In addition, when using upscaled flux
fields as prior input in atmospheric inverse modeling studies
to constrain greenhouse gases, the representativeness maps
can be utilized to constrain a priori error maps estimates.
The network representativeness analysis presented here is
powerful in showing the patterns associated with the network coverage because the analysis is based on key climatic,
soil, and topographic variables, and it especially takes into
account Arctic-specific controls such as permafrost extent.
However, the assessment of specific fluxes provided by the
eddy covariance tower network based on these data layers
must largely remain qualitative, since no clear quantitative
linkage between the bioclimatic controls and the fluxes for
CO2 and CH4 can be considered. In other words, assigning equal weights to all 18 data layers allows us to assess a
general level of similarity between pixels within the domain,
but does not necessarily reflect how strongly potential differences will influence greenhouse gas flux rates (see, e.g.,
Tramontana et al., 2020). The good fit between the CAVM
map and the ecoregion map further strengthens the choice of
these 18 bioclimatic variables, as similar patterns and vegetation distributions are found with largely different methods.
Differences between these maps are to be expected since the
CAVM map has been produced using a far more extensive
method (Raynolds et al., 2019). Furthermore, even within
pixels there can be large variation that both methods cannot
capture, but that influence the final classification of the pixel.
4.3

Role of small-scale variability

This evaluation functions on the premise that an EC site represents a specific type of ecosystem, as is generally the practice when working with EC data, and that the obtained flux
data can be upscaled to the same ecosystem type within a
larger region (Belshe et al., 2013; Olefeldt et al., 2013; Hill et
al., 2017). However, the study by Hill et al. (2017) indicates
that even seemingly homogeneous ecosystems are subject to
flux variability linked to minor differences in site characteristics such as exposure elements, nutrient availability, or wahttps://doi.org/10.5194/bg-19-559-2022
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ter storage capacity. Accordingly, to represent an ecosystem
with more certainty, often more than one EC site needs to
be installed. This finding emphasizes the value of the highdensity networks of towers installed in northern Europe and
Alaska, where multiple towers capturing fluxes within the
same type of ecosystem contribute to reducing uncertainties
related to upscaling, and therefore improving data quality of
the regional flux budgets.
Our representativeness evaluation is based on the assumption that each tower perfectly represents the conditions that
are given for its specific pixel within the gridded maps used
to evaluate Arctic landscape variability. In reality, however,
many towers will be subject to variability in ecosystem characteristics within the field of view of the flux instruments,
and data may thus only partially represent the averaged conditions given for the larger grid cell. The influence of subgrid variability might be particularly important for methane
fluxes, which are very dependent on local topography (Peltola et al., 2019) and especially water levels. To address
the uncertainty linked to subgrid-scale variability, ideally for
each tower a footprint analysis (Göckede et al., 2008) would
be performed that allows quantification of the representativeness of the tower location for the ecosystem characteristics
listed in the gridded maps. As the complexity of a landscape
increases, so would the importance of an analysis like this.
Boreal forest can show a surprising amount of heterogeneity
(Ylläsjärvi and Kuuluvainen, 2009), and the polygonal nature
of some Arctic tundra landscapes (Virtanen and Ek, 2014)
makes it exceptionally difficult to arrive at one value for the
entire region with just one tower. Mobile towers that can be
easily relocated to study heterogeneity in flux rates within a
structured landscape (Sturtevant and Oechel, 2013) may be a
solution to address this. As an alternative, the installation of
a cluster of towers with low-budget equipment as mentioned
in Hill et al. (2017) would be another option to address spatial variability. We are aware of this problem but lack the
database to quantify it at this time. For some locations in
this study, there are multiple towers within the same pixel;
therefore, we can capture the effect of small-scale variability. Most towers, however, are the sole measurements in their
pixel. Over the coming decades, gridded products based on
satellite observations are expected to increase in availability,
and also their spatial resolution will improve. This can grant
opportunities in the future to look at current sub-pixel heterogeneity or simply assess variability at such a small scale
that sub-pixel heterogeneity is no longer a serious concern.
Finally, a limitation of using gridded maps is that a majority filter may discriminate against minor landscape elements, which rarely are widespread enough to cover an entire
grid cell. If such elements are “lost” in the gridded maps, we
would overlook an aspect of landscape variability. Therefore,
in this study the representativeness of the methane scenario
should be considered a best-case scenario.
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Upgrades to observational network

Across different optimization methods tested herein, we
could demonstrate that our site selection strategy targeting
the least-represented regions within the study domain was
clearly superior to unguided site selection regarding the improvement of overall network representativeness. Independent of the subset of network to be upgraded, the majority
of the new towers were placed in Russia, with the remaining ones used to fill coverage gaps in Canada. For example,
adding just 10 additional towers resulted in about 35 % improvement for winter flux coverage and 30 % improvement
for CH4 fluxes. Furthermore, our results demonstrated that
upgrading existing sites to either measure new GHG species
or remain active during wintertime led to similar enhancements in the specific subset network coverage as establishing
new sites, at considerably lower costs.
For the all scenario we opted to only consider ecoregions
for expansion that did not have an EC site. This reduced the
number of candidate locations from 348 to 109 sites, which
also helped to reduce computational costs. However, multiple sites in a region can result in better representation scores,
and accordingly we identified some cases in which the stepwise method recommends adding several sites within a single ecoregion as the optimum solution to improve the network coverage. However, comparing the stepwise with the
stepwise-ee method demonstrates that differences are small.
This indicates that our exclusion of candidate sites within regions that already contain an EC tower should only have had
minor impacts on the performance of this network analysis
and can be justified given the gains in computational efficiency.
Concerning the CH4 flux network, upgrading existing sites
that already measure CO2 fluxes is only marginally less effective than creating entirely new sites. Since the costs of
upgrading an existing site with a methane analyzer are 9 %–
28 % of the investment required for establishing a new site
(ICOS ERIC, 2020), the savings from focusing on the more
cost-efficient upgrading strategy outweighs the gains in network coverage obtained from wider search options by far.
Regarding the upgrade of an existing site for wintertime activity, there are less reliable numbers regarding the required
investments. To keep a site running throughout the winter,
extra power is required to heat or defrost instruments. At the
same time, batteries are less reliable under cold conditions,
and off-grid power generation can rely far less on the commonly used solar panels or wind turbines during the long and
harsh Arctic winter. However, any new site that should stay
active year-round will also need to cover such expenses. With
only a 0.7 % gain in representativeness through the higher
degrees of freedom when also selecting new site locations
instead of only upgrading existing sites, the savings linked to
existing infrastructure and instrumentation provided by existing sites should also outweigh the performance losses for
wintertime flux measurement networks.
Biogeosciences, 19, 559–583, 2022
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Conclusion

The Arctic is warming and changing rapidly, with implications for both global climate change trajectories and the
livelihood of local communities. Large investments into adequate research infrastructure are required in the future to
improve understanding of these Arctic changes across all relevant scales and support the development of mitigation and
adaptation measures. To efficiently use resources for an optimum upgrade of observational facilities, we need to advance
our understanding of what our current measurements represent and where gaps remain.
This study helps to guide efficient upgrades of the Arctic greenhouse gas monitoring facilities, showing that even
though the Arctic EC network has grown considerably over
the past decades, only half of the Arctic territory is represented by an EC tower at all, and this value drops to onethird of the domain when we consider a statistically rigorous
number of EC towers for upscaling. In particular, coverage
within Siberia, Canada, and mountainous regions is lacking.
There are also large gaps when it comes to year-round data
coverage and non-CO2 fluxes, with less than 20 % of the Arctic terrestrial domain currently being covered by these measurements. While these numbers are associated with considerable uncertainties since we do not directly quantify how
differences in ecosystem characteristics translate to fluxes,
the applicability of this approach has been demonstrated by
numerous previous extrapolation studies using similar underlying data as their explanatory variables. Accordingly,
data-driven upscaling of EC databases to produce pan-Arctic
greenhouse gas budgets, training datasets for biosphere process models, or prior flux fields for atmospheric inverse modeling is still associated with large uncertainties given the size
of the regions currently underrepresented. We propose and
test several methods for optimizing the EC network based on
this representativeness assessment and provide recommendations on network upgrades based on the best-performing
and most practical option. Overall, as the most cost-efficient
strategy for network improvements, we recommend upgrading selected existing locations with new instrumentation for
methane measurements, since large coverage gaps for this
important greenhouse gas currently severely compromise our
ability to comprehensively monitor carbon release from degrading permafrost within the extensive Arctic landscapes.
Furthermore, keeping sites operational during the winter has
been shown to be essential to understanding annual carbon
budgets within the Arctic, and also in this context winterproofing strategically selected existing sites would provide
the most efficient pathway towards better network coverage.
A final step would be to extend the network further, especially in Siberia and Canada, and our method can help with
selecting the locations that improve overall network coverage
best.
This study and associated datasets have been designed to
help the Arctic research community in planning future Arctic
Biogeosciences, 19, 559–583, 2022

EC stations and improve the quantification of uncertainties
in the context of upscaling activities. Future studies could
expand upon this study by selecting hard-to-sample regions,
such as ecoregions without any current sampling and without
villages or infrastructure, as a target for temporary towers or
flight campaigns to empirically assess their (dis)similarity to
already sampled ecoregions. Seasonal campaigns in mountainous regions could verify the assumption that fluxes in
high-latitude high-elevation regions are low enough not to
warrant the high investment and operation costs of permanent
towers there. An assessment of heterogeneity in domains
where replicative EC studies have been performed might provide guidance in better quantifying ecoregion sizes in data
space for representativeness comparison.
Appendix A
The set of 18 variables used in our study was carefully selected to capture the broad environmental conditions that are
the important drivers of hydro-biogeochemical processes and
GHG fluxes in Arctic ecosystems. The selected variables
cover meteorological and bioclimatic conditions, soil properties, and topographic and permafrost conditions. Meteorological and bioclimatic conditions are primary drivers of
vegetation, biological, and ecological processes, and a similar selection of variables as chosen herein has been demonstrated to perform well for upscaling purposes in past published studies (Schimel et al., 2007; Jung et al., 2009, 2011;
Dengel et al., 2013; Knox et al., 2016, 2019; Jung et al.,
2020; Malone et al., 2021). Complex microtopography is
known to be an important driver of microclimate and vegetation in many parts of the Arctic and is represented here
by the compound topographic index (CTI), a parameter designed to capture the impact of topography on hydrological
processes. In addition to surface processes and vegetation,
subsurface biogeochemical processes play an important role
in high-latitude Arctic ecosystems. Soil properties used for
this study, including bulk density or carbon and nitrogen contents, were selected to capture the heterogeneous subsurface
conditions. Ecosystems in the vast Arctic region span continuous, discontinuous, and sporadic permafrost conditions,
as well as varying seasonal permafrost thaw conditions that
regulate the GHG fluxes. Three permafrost-related variables
were therefore selected to reflect these heterogeneous conditions. In conclusion, even though not all of the 18 variables
selected for our study are directly connected to variability
in GHG fluxes, their combination is, to our knowledge, the
best representation to capture the variability in environmental drivers that influence biogeochemical processes and thus
also the GHG fluxes across the Arctic.
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Table A1. Bioclimatic, edaphic, and permafrost variables used for assessment of the quantitative representativeness of the Arctic EC network.
Variable description

Units

Source

Annual mean temperature for 1970–2000
Mean diurnal temperature range for 1970–2000
Isothermality for 1970–2000
Temperature seasonality
Mean temperature of warmest quarter for 1970–2000
Mean temperature of coldest quarter for 1970–2000
Annual precipitation for 1970–2000
Precipitation seasonality for 1970–2000
Precipitation of wettest quarter for 1970–2000
Precipitation of driest quarter for 1970–2000
Available water-holding capacity of soil
Bulk density of soil
Soil carbon density
Total nitrogen density
Compound topographic index
Mean annual ground temperature 2000–2016
Mean annual ground temperature σ 2000–2016
Permafrost probability 2000–2016

◦C
◦C

Fick and Hijman (2017), WorldClim 2, https://doi.org/10.1002/joc.5086
Fick and Hijman (2017), WorldClim 2, https://doi.org/10.1002/joc.5086
Fick and Hijman (2017), WorldClim 2, https://doi.org/10.1002/joc.5086
Fick and Hijman (2017), WorldClim 2, https://doi.org/10.1002/joc.5086
Fick and Hijman (2017), WorldClim 2, https://doi.org/10.1002/joc.5086
Fick and Hijman (2017), WorldClim 2, https://doi.org/10.1002/joc.5086
Fick and Hijman (2017), WorldClim 2, https://doi.org/10.1002/joc.5086
Fick and Hijman (2017), WorldClim 2, https://doi.org/10.1002/joc.5086
Fick and Hijman (2017), WorldClim 2, https://doi.org/10.1002/joc.5086
Fick and Hijman (2017), WorldClim 2, https://doi.org/10.1002/joc.5086
Global Soil Data Task Group (2000), IGBP-DIS, https://doi.org/10.3334/ORNLDAAC/569
Global Soil Data Task Group (2000), IGBP-DIS, https://doi.org/10.3334/ORNLDAAC/569
Global Soil Data Task Group (2000), IGBP-DIS, https://doi.org/10.3334/ORNLDAAC/569
Global Soil Data Task Group (2000), IGBP-DIS, https://doi.org/10.3334/ORNLDAAC/569
EROS (2018), HYDRO1K, https://doi.org/10.5066/F77P8WN0
Obu et al. (2018), GlobPermafrost, https://doi.org/10.1594/PANGAEA.888600
Obu et al. (2018), GlobPermafrost, https://doi.org/10.1594/PANGAEA.888600
Obu et al. (2018), GlobPermafrost, https://doi.org/10.1594/PANGAEA.888600

–
◦C
◦C
◦C
mm
mm
mm
mm
mm
g cm−3
g cm−3
g cm−3
–
◦C
◦C
–

Appendix B

Figure B1. Difference in percentage between CAVM (Raynolds et
al., 2019) and aggregated ecoregions. Where both maps intersect in
the CAVM domain, we see the best fit, which is to be expected as
there is no reference outside this domain.
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Figure B2. Overview of the 100 ecoregions as detailed in Sect. 2.3.
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Appendix D

Figure C1. Representativeness of the active subset. As Fig. 3: yellow shades match represented ER1 regions, whereas cold and blue
shades do not meet this criterion.

Figure D1. Representativeness of the active subset. As Fig. 4: yellow shades match represented ER4 regions, whereas cold and blue
shades do not meet this criterion.

Figure C2. Representativeness of the 5-year subset. As Fig. 3: yellow shades match represented ER1 regions, whereas cold and blue
shades do not meet this criterion.

Figure D2. Representativeness of the 5-year subset. As Fig. 4: yellow shades match represented ER4 regions, whereas cold and blue
shades do not meet this criterion.
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Figure D3. Representativeness of the winter subset. As Fig. 4: yellow shades match represented ER4 regions, whereas cold and blue
shades do not meet this criterion.
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Figure D5. Representativeness of the winter-CH4 subset. As Fig. 4:
yellow shades match represented ER4 regions, whereas cold and
blue shades do not meet this criterion.

Figure D4. Representativeness of the CH4 subset. As Fig. 4: yellow shades match represented ER4 regions, whereas cold and blue
shades do not meet this criterion.

https://doi.org/10.5194/bg-19-559-2022

Biogeosciences, 19, 559–583, 2022

578

M. M. T. A. Pallandt et al.: Representativeness assessment of the pan-Arctic eddy covariance site network

Appendix E

Table E1. Selected new site locations for the all scenario and upgrade locations for the winter, CH4 , and winter-CH4 subsets. For
each subset, locations are ordered starting with the best improvement to the network.
Subset

Location

All

Zhilinda
Omolon
Susuman
Olyokminsk
Iqaluit
Noyabrsk
Ust Nera
Agapa
Khorgo
Udachnyy

Winter

CH4

Winter-CH4

Site ID

Latitude

Longitude

70.13
65.25
62.78
60.50
63.75
63.17
64.57
71.45
73.48
66.42

114.00
160.50
148.17
120.39
−68.50
75.62
143.20
89.25
113.63
112.40

Tura
Chukotka
Cape Bounty
Mukhrino
Daring Lake
Yakutsk Pine
Smith Creek
Neleger
Ust Pojeg
Seida

RU-TUR
RU-CUK
–
–
CA-DL1
RU-YPF
CA-SMC
RU-NEL
RU-UPO
RU-VRK

64.21
65.59
74.92
60.90
64.86
62.24
63.15
62.08
61.93
67.05

100.46
171.05
−109.56
68.70
−111.57
129.65
−123.25
129.75
50.23
62.94

Tura
Cape Bounty
Mukhrino
Ust Pojeg
Chukotka
Yakutsk Pine
Neleger
Seida
Varrio
Spasskaya Pad

RU-TUR
–
–
RU-UPO
RU-CUK
RU-YPF
RU-NEL
RU-VRK
FI-VAR
RU-SKP

64.21
74.92
60.90
61.93
65.59
62.24
62.08
67.05
67.75
62.26

100.46
−109.56
68.70
50.23
171.05
129.65
129.75
62.94
29.61
129.17

Tura
Ust Pojeg
Chukotka
Cape Bounty
Mukhrino
Daring Lake
Yakutsk Pine
Council
Smith Creek
Spasskaya Pad

RU-TUR
RU-UPO
RU-CUK
–
–
CA-DL1
RU-YPF
–
CA-SMC
RU-SKP

64.21
61.93
65.59
74.92
60.90
64.86
62.24
64.84
63.15
62.26

100.46
50.23
171.05
−109.56
68.70
−111.57
129.65
−163.71
−123.25
129.17

Data availability. The EC site list and metadata can be accessed
at http://cosima.nceas.ucsb.edu/carbon-flux-sites (Pallandt et al.,
2018). The current state of the online database will deviate slightly
from the version used in this paper, since we continuously work in
data updates provided by site PIs and encourage PIs of new sites to
contact us in the future too. For reference, a version of the database
reflecting the state that was used to produce results summarized in
this paper has been retained and is available on request.
Individual representativeness maps for each site will be made
openly available. These can be used to assess the impact of individual sites or reproduce the network maps as shown in this paper.
The Department of Energy will provide public access to
these results of federally sponsored research in accordance
with the DOE Public Access Plan (http://energy.gov/downloads/
doe-public-access-plan, last access: 25 January 2022).

Author contributions. MG and MMTAP conceptualized the study.
MMTAP, MM, AMV, and MG collected EC metadata. MMTAP
conducted the survey and analyzed the EC metadata. MMTAP and
GC developed the online Arctic GHG site mapping tool. JK and
FMH implemented the representativeness, map curves, and clustering algorithms. MMTAP implemented the optimization algorithms
and analyzed all results. MMTAP wrote the original draft, with notable reviews and edits from JK, MM, EAGS, AMV, and MG.

Competing interests. The contact author has declared that neither
they nor their co-authors have any competing interests.

Disclaimer. Publisher’s note: Copernicus Publications remains
neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Special issue statement. This article is part of the special issue “Towards an integrated Arctic observation system to fill gaps of observing system across the atmosphere, ocean, cryosphere, geosphere,
and terrestrial ecosystems”. It is not associated with a conference.

Acknowledgements. We would like to acknowledge FLUXNET
and the regional databases, e.g., AmeriFlux, AsiaFlux, the European Fluxes Database Cluster, ICOS, and NEON, for making flux
data readily available. We would like to thank the Arctic Data Center for hosting the online Arctic GHG site mapping tool. Furthermore, we would like to extend special thanks to all colleagues that
either participated in our survey or contacted us directly about their
high-latitude site.

Financial support. This work was supported by the Max Planck
Society and through funding by the European Commission
(INTAROS project, H2020-BG-09-2016, grant agreement no.
727890). Jitendra Kumar and Forrest M. Hoffman were supported by the Next-Generation Ecosystem Experiments (NGEE
Arctic) and the Reducing Uncertainties in Biogeochemical In-

Biogeosciences, 19, 559–583, 2022

https://doi.org/10.5194/bg-19-559-2022

M. M. T. A. Pallandt et al.: Representativeness assessment of the pan-Arctic eddy covariance site network
teractions through Synthesis and Computation Scientific Focus
Area (RUBISCO SFA), which are sponsored by the Office of Biological and Environmental Research in the DOE Office of Science.
The article processing charges for this open-access
publication were covered by the Max Planck Society.

Review statement. This paper was edited by Andreas Ibrom and reviewed by Dan Metcalfe and one anonymous referee.

References
Alaska Geobotany Center: Treeline, Alaska Geobotany Center [data
set], https://www.geobotany.uaf.edu/cavm/data/ (last access: 28
February 2020), 2005.
Aubinet, M., Vesala, T., and Papale, D. (Eds.): Eddy Covariance: A Practical Guide to Measurement and Data Analysis, 1st Edn., Springer Netherlands, the Netherlands, 438 pp.,
https://doi.org/10.1007/978-94-007-2351-1, 2012.
Baldocchi, D. D.: Assessing the eddy covariance technique
for evaluating carbon dioxide exchange rates of ecosystems:
past, present and future, Glob. Change Biol., 9, 479–492,
https://doi.org/10.1046/j.1365-2486.2003.00629.x, 2003.
Baldocchi, D. D.: How eddy covariance flux measurements have contributed to our understanding of Global
Change Biology, Glob. Change Biol., 26, 242–260,
https://doi.org/10.1111/gcb.14807, 2020.
Baldocchi, D. D., Hincks, B. B., and Meyers, T. P.: Measuring Biosphere-Atmosphere Exchanges of Biologically Related
Gases with Micrometeorological Methods, Ecology, 69, 1331–
1340, https://doi.org/10.2307/1941631, 1988.
Belshe, E. F., Schuur, E. A. G., and Bolker, B. M.: Tundra
ecosystems observed to be CO2 sources due to differential
amplification of the carbon cycle, Ecol. Lett., 16, 1307–1315,
https://doi.org/10.1111/ele.12164, 2013.
Bruhwiler, L., Parmentier, F.-J. W., Crill, P., Leonard, M., and
Palmer, P. I.: The Arctic Carbon Cycle and Its Response
to Changing Climate, Curr. Clim. Change Rep., 7, 14–34,
https://doi.org/10.1007/s40641-020-00169-5, 2021.
Burba, G. and Anderson, D.: A Brief Practical Guide to Eddy
Covariance Flux Measurements: Principles and Workflow Examples for Scientific and Industrial Applications, LI-COR Biosciences, Lincoln, https://doi.org/10.13140/RG.2.1.1626.4161,
2010.
Chu, H., Baldocchi, D. D., John, R., Wolf, S., and Reichstein, M.:
Fluxes all of the time? A primer on the temporal representativeness of FLUXNET, J. Geophys. Res.-Biogeo., 122, 289–307,
https://doi.org/10.1002/2016JG003576, 2017.
Chu, H., Luo, X., Ouyang, Z., Chan, W. S., Dengel, S., Biraud,
S. C., Torn, M. S., Metzger, S., Kumar, J., Arain, M. A., Arkebauer, T. J., Baldocchi, D., Bernacchi, C., Billesbach, D., Black,
T. A., Blanken, P. D., Bohrer, G., Bracho, R., Brown, S., Brunsell, N. A., Chen, J., Chen, X., Clark, K., Desai, A. R., Duman, T., Durden, D., Fares, S., Forbrich, I., Gamon, J. A.,
Gough, C. M., Griffis, T., Helbig, M., Hollinger, D., Humphreys,
E., Ikawa, H., Iwata, H., Ju, Y., Knowles, J. F., Knox, S. H.,
Kobayashi, H., Kolb, T., Law, B., Lee, X., Litvak, M., Liu,

https://doi.org/10.5194/bg-19-559-2022

579

H., Munger, J. W., Noormets, A., Novick, K., Oberbauer, S.
F., Oechel, W., Oikawa, P., Papuga, S. A., Pendall, E., Prajapati, P., Prueger, J., Quinton, W. L., Richardson, A. D., Russell, E. S., Scott, R. L., Starr, G., Staebler, R., Stoy, P. C.,
Stuart-Haëntjens, E., Sonnentag, O., Sullivan, R. C., Suyker, A.,
Ueyama, M., Vargas, R., Wood, J. D., and Zona, D.: Representativeness of Eddy-Covariance flux footprints for areas surrounding AmeriFlux sites, Agr. Forest Meteorol., 301–302, 108350,
https://doi.org/10.1016/j.agrformet.2021.108350, 2021.
Dengel, S., Zona, D., Sachs, T., Aurela, M., Jammet, M., Parmentier, F. J. W., Oechel, W., and Vesala, T.: Testing the applicability
of neural networks as a gap-filling method using CH4 flux data
from high latitude wetlands, Biogeosciences, 10, 8185–8200,
https://doi.org/10.5194/bg-10-8185-2013, 2013.
Desai, A. R.: Climatic and phenological controls on coherent regional interannual variability of carbon dioxide flux in a heterogeneous landscape, J. Geophys. Res.-Biogeo., 115, G00J02,
https://doi.org/10.1029/2010JG001423, 2010.
Dolman, A. J., Shvidenko, A., Schepaschenko, D., Ciais, P.,
Tchebakova, N., Chen, T., van der Molen, M. K., Belelli Marchesini, L., Maximov, T. C., Maksyutov, S., and Schulze, E.-D.:
An estimate of the terrestrial carbon budget of Russia using
inventory-based, eddy covariance and inversion methods, Biogeosciences, 9, 5323–5340, https://doi.org/10.5194/bg-9-53232012, 2012.
EROS (Earth Resources Observation and Science Center): USGS
EROS Archive – Digital Elevation – HYDRO1K, USGS [data
set], https://doi.org/10.5066/F77P8WN0, 2018.
Emmerton, C. A., Louis, V. L. S., Humphreys, E. R., Gamon, J. A., Barker, J. D., and Pastorello, G. Z.: Net
ecosystem exchange of CO2 with rapidly changing high
Arctic landscapes, Glob. Change Biol., 22, 1185–1200,
https://doi.org/10.1111/gcb.13064, 2016.
Euskirchen, E. S., Bret-Harte, M. S., Scott, G. J., Edgar, C., and
Shaver, G. R.: Seasonal patterns of carbon dioxide and water fluxes in three representative tundra ecosystems in northern Alaska, Ecosphere, 3, 1–19, https://doi.org/10.1890/ES1100202.1, 2012.
Falge, E., Baldocchi, D., Olson, R., Anthoni, P., Aubinet, M.,
Bernhofer, C., Burba, G., Ceulemans, R., Clement, R., Dolman, H., Granier, A., Gross, P., Grünwald, T., Hollinger, D.,
Jensen, N.-O., Katul, G., Keronen, P., Kowalski, A., Lai, C.
T., Law, B. E., Meyers, T., Moncrieff, J., Moors, E., Munger,
J. W., Pilegaard, K., Rannik, Ü., Rebmann, C., Suyker, A.,
Tenhunen, J., Tu, K., Verma, S., Vesala, T., Wilson, K., and
Wofsy, S.: Gap filling strategies for defensible annual sums of
net ecosystem exchange, Agr. Forest Meteorol., 107, 43–69,
https://doi.org/10.1016/S0168-1923(00)00225-2, 2001.
Fick, S. E. and Hijmans, R. J.: WorldClim 2: new 1-km spatial resolution climate surfaces for global land areas, Int. J. Climatol., 37,
4302–4315, https://doi.org/10.1002/joc.5086, 2017.
Global Soil Data Task Group: Global Gridded Surfaces of Selected Soil Characteristics (IGBP-DIS), ORNL DAAC [data set],
https://doi.org/10.3334/ORNLDAAC/569, 2000
Göckede, M., Foken, T., Aubinet, M., Aurela, M., Banza, J., Bernhofer, C., Bonnefond, J. M., Brunet, Y., Carrara, A., Clement,
R., Dellwik, E., Elbers, J., Eugster, W., Fuhrer, J., Granier, A.,
Grünwald, T., Heinesch, B., Janssens, I. A., Knohl, A., Koeble,
R., Laurila, T., Longdoz, B., Manca, G., Marek, M., Markka-

Biogeosciences, 19, 559–583, 2022

580

M. M. T. A. Pallandt et al.: Representativeness assessment of the pan-Arctic eddy covariance site network

nen, T., Mateus, J., Matteucci, G., Mauder, M., Migliavacca, M.,
Minerbi, S., Moncrieff, J., Montagnani, L., Moors, E., Ourcival,
J.-M., Papale, D., Pereira, J., Pilegaard, K., Pita, G., Rambal, S.,
Rebmann, C., Rodrigues, A., Rotenberg, E., Sanz, M. J., Sedlak, P., Seufert, G., Siebicke, L., Soussana, J. F., Valentini, R.,
Vesala, T., Verbeeck, H., and Yakir, D.: Quality control of CarboEurope flux data – Part 1: Coupling footprint analyses with
flux data quality assessment to evaluate sites in forest ecosystems, Biogeosciences, 5, 433–450, https://doi.org/10.5194/bg-5433-2008, 2008.
Harff, J. and Davis, J.: Regionalization in geology by
multivariate classification, Math. Geol., 22, 573–588,
https://doi.org/10.1007/BF00890505, 1990.
Hargrove, W. W. and Hoffman, F. M.: Potential of Multivariate Quantitative Methods for Delineation and Visualization of Ecoregions, Environ. Manage., 34, S39–S60,
https://doi.org/10.1007/s00267-003-1084-0, 2004.
Hargrove, W. W., Hoffman, F. M., and Law, B. E.: New
analysis reveals representativeness of the AmeriFlux
network, EOS T. Am. Geophys. Un., 84, 529–535,
https://doi.org/10.1029/2003EO480001, 2003.
Hargrove, W. W., Hoffman, F. M., and Hessburg, P. F.: Mapcurves:
a quantitative method for comparing categorical maps, J. Geogr.
Syst., 8, 187, https://doi.org/10.1007/s10109-006-0025-x, 2006.
Hessburg, P. F., Salter, R. B., Richmond, M. B., and Smith, B.
G.: Ecological subregions of the Interior Columbia Basin, USA,
Appl. Veg. Sci., 3, 163–180, https://doi.org/10.2307/1478995,
2000.
Hill, T., Chocholek, M., and Clement, R.: The case for increasing the statistical power of eddy covariance ecosystem studies: why, where and how?, Glob. Change Biol., 23, 2154–2165,
https://doi.org/10.1111/gcb.13547, 2017.
Hoffman, F. M., Kumar, J., Mills, R. T., and Hargrove,
W. W.: Representativeness-based sampling network design
for the State of Alaska, Landsc. Ecol., 28, 1567–1586,
https://doi.org/10.1007/s10980-013-9902-0, 2013.
Horst, T. W. and Weil, J. C.: Footprint estimation for scalar flux
measurements in the atmospheric surface layer, Bound.-Lay. Meteorol., 59, 279–296, https://doi.org/10.1007/BF00119817, 1992.
Hugelius, G., Strauss, J., Zubrzycki, S., Harden, J. W., Schuur, E.
A. G., Ping, C.-L., Schirrmeister, L., Grosse, G., Michaelson, G.
J., Koven, C. D., O’Donnell, J. A., Elberling, B., Mishra, U.,
Camill, P., Yu, Z., Palmtag, J., and Kuhry, P.: Estimated stocks
of circumpolar permafrost carbon with quantified uncertainty
ranges and identified data gaps, Biogeosciences, 11, 6573–6593,
https://doi.org/10.5194/bg-11-6573-2014, 2014.
Hugelius, G., Loisel, J., Chadburn, S., Jackson, R. B., Jones, M.,
MacDonald, G., Marushchak, M., Olefeldt, D., Packalen, M.,
Siewert, M. B., Treat, C., Turetsky, M., Voigt, C., and Yu,
Z.: Large stocks of peatland carbon and nitrogen are vulnerable to permafrost thaw, P. Natl. Acad. Sci., 117, 20438–20446,
https://doi.org/10.1073/pnas.1916387117, 2020.
ICOS ERIC: ICOS Handbook 2020, 2nd rev. Edn., edited by:
Ahlgren, K. and Keski-Nisula, M., ICOS ERIC, Helsinki, ISBN
978-952-69501-1-2, 2020.
IPCC: Climate Change 2014: Synthesis Report. Contribution of
Working Groups I, II and III to the Fifth Assessment Report of
the Intergovernmental Panel on Climate Change, edited by:Core

Biogeosciences, 19, 559–583, 2022

Writing Team, Pachauri, R. K., and Meyer, L. A., IPCC, Geneva,
Switzerland, ISBN 978-92-9169-143-2, 2014.
IPCC: IPCC Special Report on the Ocean and Cryosphere in a
Changing Climate, edited by: Pörtner, H.-O., Roberts, D. C.,
Masson-Delmotte, V., Zhai, P., Tignor, M., Poloczanska, E.,
Mintenbeck, K., Alegría, A., Nicolai, M., Okem, A., Petzold, J.,
Rama, B., and Weyer, N. M., in press, 2019.
Jung, M., Reichstein, M., and Bondeau, A.: Towards global
empirical upscaling of FLUXNET eddy covariance observations: validation of a model tree ensemble approach
using a biosphere model, Biogeosciences, 6, 2001–2013,
https://doi.org/10.5194/bg-6-2001-2009, 2009.
Jung, M., Reichstein, M., Margolis, H. A., Cescatti, A., Richardson,
A. D., Arain, M. A., Arneth, A., Bernhofer, C., Bonal, D., Chen,
J., Gianelle, D., Gobron, N., Kiely, G., Kutsch, W., Lasslop, G.,
Law, B. E., Lindroth, A., Merbold, L., Montagnani, L., Moors,
E. J., Papale, D., Sottocornola, M., Vaccari, F., and Williams, C.:
Global patterns of land-atmosphere fluxes of carbon dioxide, latent heat, and sensible heat derived from eddy covariance, satellite, and meteorological observations, J. Geophys. Res.-Biogeo.,
116, G00J07, https://doi.org/10.1029/2010JG001566, 2011.
Jung, M., Schwalm, C., Migliavacca, M., Walther, S., Camps-Valls,
G., Koirala, S., Anthoni, P., Besnard, S., Bodesheim, P., Carvalhais, N., Chevallier, F., Gans, F., Goll, D. S., Haverd, V., Köhler,
P., Ichii, K., Jain, A. K., Liu, J., Lombardozzi, D., Nabel, J. E.
M. S., Nelson, J. A., O’Sullivan, M., Pallandt, M., Papale, D.,
Peters, W., Pongratz, J., Rödenbeck, C., Sitch, S., Tramontana,
G., Walker, A., Weber, U., and Reichstein, M.: Scaling carbon
fluxes from eddy covariance sites to globe: synthesis and evaluation of the FLUXCOM approach, Biogeosciences, 17, 1343–
1365, https://doi.org/10.5194/bg-17-1343-2020, 2020.
Knox, S. H., Matthes, J. H., Sturtevant, C., Oikawa, P. Y., Verfaillie, J., and Baldocchi, D.: Biophysical controls on interannual variability in ecosystem-scale CO2 and CH4 exchange in a
California rice paddy, J. Geophys. Res.-Biogeo., 121, 978–1001,
https://doi.org/10.1002/2015JG003247, 2016.
Knox, S. H., Jackson, R. B., Poulter, B., McNicol, G., FluetChouinard, E., Zhang, Z., Hugelius, G., Bousquet, P., Canadell,
J. G., Saunois, M., Papale, D., Chu, H., Keenan, T. F., Baldocchi, D., Torn, M. S., Mammarella, I., Trotta, C., Aurela, M.,
Bohrer, G., Campbell, D. I., Cescatti, A., Chamberlain, S., Chen,
J., Chen, W., Dengel, S., Desai, A. R., Euskirchen, E., Friborg,
T., Gasbarra, D., Goded, I., Goeckede, M., Heimann, M., Helbig, M., Hirano, T., Hollinger, D. Y., Iwata, H., Kang, M., Klatt,
J., Krauss, K. W., Kutzbach, L., Lohila, A., Mitra, B., Morin, T.
H., Nilsson, M. B., Niu, S., Noormets, A., Oechel, W. C., Peichl,
M., Peltola, O., Reba, M. L., Richardson, A. D., Runkle, B. R.
K., Ryu, Y., Sachs, T., Schäfer, K. V. R., Schmid, H. P., Shurpali, N., Sonnentag, O., Tang, A. C. I., Ueyama, M., Vargas, R.,
Vesala, T., Ward, E. J., Windham-Myers, L., Wohlfahrt, G., and
Zona, D.: FLUXNET-CH4 Synthesis Activity: Objectives, Observations, and Future Directions, B. Am. Meteorol. Soc., 100,
2607–2632, https://doi.org/10.1175/BAMS-D-18-0268.1, 2019.
Kountouris, P., Gerbig, C., Rödenbeck, C., Karstens, U., Koch, T. F.,
and Heimann, M.: Atmospheric CO2 inversions on the mesoscale
using data-driven prior uncertainties: quantification of the European terrestrial CO2 fluxes, Atmos. Chem. Phys., 18, 3047–3064,
https://doi.org/10.5194/acp-18-3047-2018, 2018.

https://doi.org/10.5194/bg-19-559-2022

M. M. T. A. Pallandt et al.: Representativeness assessment of the pan-Arctic eddy covariance site network
Kumar, J., Mills, R. T., Hoffman, F. M., and Hargrove, W. W.: Parallel k-Means Clustering for Quantitative Ecoregion Delineation
Using Large Data Sets, Proced. Comput. Sci., 4, 1602–1611,
https://doi.org/10.1016/j.procs.2011.04.173, 2011.
Kutzbach, L., Wille, C., and Pfeiffer, E.-M.: The exchange of carbon dioxide between wet arctic tundra and the atmosphere at the
Lena River Delta, Northern Siberia, Biogeosciences, 4, 869–890,
https://doi.org/10.5194/bg-4-869-2007, 2007.
Lara, M. J., McGuire, A. D., Euskirchen, E. S., Genet, H.,
Yi, S., Rutter, R., Iversen, C., Sloan, V., and Wullschleger,
S. D.: Local-scale Arctic tundra heterogeneity affects
regional-scale carbon dynamics, Nat. Commun., 11, 4925,
https://doi.org/10.1038/s41467-020-18768-z, 2020.
Leclerc, M. Y. and Thurtell, G. W.: Footprint prediction of scalar
fluxes using a Markovian analysis, Bound.-Lay. Meteorol., 52,
247–258, https://doi.org/10.1007/BF00122089, 1990.
Lee, X., Massman, W., and Law, B. (Eds.): Handbook of Micrometeorology: A Guide for Surface Flux Measurement and Analysis, 1st Edn., Springer Netherlands, the Netherlands, 250 pp.,
https://doi.org/10.1007/1-4020-2265-4, 2005.
Lüers, J., Westermann, S., Piel, K., and Boike, J.: Annual CO2
budget and seasonal CO2 exchange signals at a high Arctic
permafrost site on Spitsbergen, Svalbard archipelago, Biogeosciences, 11, 6307–6322, https://doi.org/10.5194/bg-11-63072014, 2014.
Malone, S., Oh, Y., Arndt, K., Burba, G., Commane, R., Contosta,
A., Goodrich, J., Loescher, H., Starr, G., and Varner, R.: Gaps
in Network Infrastructure limit our understanding of biogenic
methane emissions in the United States, Biogeosciences Discuss.
[preprint], https://doi.org/10.5194/bg-2021-256, in review, 2021.
Marushchak, M. E., Kiepe, I., Biasi, C., Elsakov, V., Friborg, T.,
Johansson, T., Soegaard, H., Virtanen, T., and Martikainen, P. J.:
Carbon dioxide balance of subarctic tundra from plot to regional
scales, Biogeosciences, 10, 437–452, https://doi.org/10.5194/bg10-437-2013, 2013.
Mastepanov, M., Sigsgaard, C., Dlugokencky, E. J., Houweling, S.,
Ström, L., Tamstorf, M. P., and Christensen, T. R.: Large tundra
methane burst during onset of freezing, Nature, 456, 628–630,
https://doi.org/10.1038/nature07464, 2008.
McGuire, A. D., Christensen, T. R., Hayes, D., Heroult, A., Euskirchen, E., Kimball, J. S., Koven, C., Lafleur, P., Miller, P.
A., Oechel, W., Peylin, P., Williams, M., and Yi, Y.: An assessment of the carbon balance of Arctic tundra: comparisons among
observations, process models, and atmospheric inversions, Biogeosciences, 9, 3185–3204, https://doi.org/10.5194/bg-9-31852012, 2012.
Meredith, M., Sommerkorn, M., Cassotta, S., Derksen, C., Ekaykin,
A., Hollowed, A., Kofinas, G., Mackintosh, A., MelbourneThomas, J., Muelbert, M. M. C., Ottersen, G., Pritchard, H., and
Schuur, E. A. G.: Polar Regions, in: IPCC Special Report on the
Ocean and Cryosphere in a Changing Climate, edited by: Pörtner, H.-O., Roberts, D. C., Masson-Delmotte, V., Zhai, P., Tignor, M., Poloczanska, E., Mintenbeck, K., Alegría, A., Nicolai,
M., Okem, A., Petzold, J., Rama, B., and Weyer, N. M., in press,
2019.
Metcalfe, D. B., Hermans, T. D. G., Ahlstrand, J., Becker, M.,
Berggren, M., Björk, R. G., Björkman, M. P., Blok, D., Chaudhary, N., Chisholm, C., Classen, A. T., Hasselquist, N. J.,
Jonsson, M., Kristensen, J. A., Kumordzi, B. B., Lee, H.,

https://doi.org/10.5194/bg-19-559-2022

581

Mayor, J. R., Prevéy, J., Pantazatou, K., Rousk, J., Sponseller,
R. A., Sundqvist, M. K., Tang, J., Uddling, J., Wallin, G.,
Zhang, W., Ahlström, A., Tenenbaum, D. E., and Abdi, A. M.:
Patchy field sampling biases understanding of climate change
impacts across the Arctic, Nat. Ecol. Evol., 2, 1443–1448,
https://doi.org/10.1038/s41559-018-0612-5, 2018.
Mishra, U., Hugelius, G., Shelef, E., Yang, Y., Strauss, J., Lupachev,
A., Harden, J. W., Jastrow, J. D., Ping, C.-L., Riley, W. J., Schuur,
E. A. G., Matamala, R., Siewert, M., Nave, L. E., Koven, C.
D., Fuchs, M., Palmtag, J., Kuhry, P., Treat, C. C., Zubrzycki,
S., Hoffman, F. M., Elberling, B., Camill, P., Veremeeva, A.,
and Orr, A.: Spatial heterogeneity and environmental predictors
of permafrost region soil organic carbon stocks, Sci. Adv., 7,
eaaz5236, https://doi.org/10.1126/sciadv.aaz5236, 2021.
Moffat, A. M., Papale, D., Reichstein, M., Hollinger, D. Y., Richardson, A. D., Barr, A. G., Beckstein, C., Braswell, B. H., Churkina,
G., Desai, A. R., Falge, E., Gove, J. H., Heimann, M., Hui, D.,
Jarvis, A. J., Kattge, J., Noormets, A., and Stauch, V. J.: Comprehensive comparison of gap-filling techniques for eddy covariance net carbon fluxes, Agr. Forest Meteorol., 147, 209–232,
https://doi.org/10.1016/j.agrformet.2007.08.011, 2007.
Natali, S. M., Watts, J. D., Rogers, B. M., Potter, S., Ludwig, S.
M., Selbmann, A.-K., Sullivan, P. F., Abbott, B. W., Arndt, K.
A., Birch, L., Björkman, M. P., Bloom, A. A., Celis, G., Christensen, T. R., Christiansen, C. T., Commane, R., Cooper, E. J.,
Crill, P., Czimczik, C., Davydov, S., Du, J., Egan, J. E., Elberling, B., Euskirchen, E. S., Friborg, T., Genet, H., Göckede, M.,
Goodrich, J. P., Grogan, P., Helbig, M., Jafarov, E. E., Jastrow,
J. D., Kalhori, A. A. M., Kim, Y., Kimball, J. S., Kutzbach, L.,
Lara, M. J., Larsen, K. S., Lee, B.-Y., Liu, Z., Loranty, M. M.,
Lund, M., Lupascu, M., Madani, N., Malhotra, A., Matamala,
R., McFarland, J., McGuire, A. D., Michelsen, A., Minions, C.,
Oechel, W. C., Olefeldt, D., Parmentier, F.-J. W., Pirk, N., Poulter, B., Quinton, W., Rezanezhad, F., Risk, D., Sachs, T., Schaefer, K., Schmidt, N. M., Schuur, E. A. G., Semenchuk, P. R.,
Shaver, G., Sonnentag, O., Starr, G., Treat, C. C., Waldrop, M.
P., Wang, Y., Welker, J., Wille, C., Xu, X., Zhang, Z., Zhuang,
Q., and Zona, D.: Large loss of CO2 in winter observed across
the northern permafrost region, Nat. Clim. Change, 9, 852–857,
https://doi.org/10.1038/s41558-019-0592-8, 2019.
Nichols, J. E. and Peteet, D. M.: Rapid expansion of northern peatlands and doubled estimate of carbon storage, Nat. Geosci., 12,
917–921, https://doi.org/10.1038/s41561-019-0454-z, 2019.
Obu, J., Westermann, S., Kääb, A., and Bartsch, A.: Ground
Temperature Map, 2000–2016, Northern Hemisphere Permafrost, Alfred Wegener Institute, Helmholtz Centre for Polar and Marine Research, Bremerhaven, PANGAEA [data set],
https://doi.org/10.1594/PANGAEA.888600, 2018.
Oechel, W. C., Laskowski, C. A., Burba, G., Gioli, B., and Kalhori,
A. A. M.: Annual patterns and budget of CO2 flux in an Arctic
tussock tundra ecosystem, J. Geophys. Res.-Biogeo., 119, 323–
339, https://doi.org/10.1002/2013JG002431, 2014.
Olefeldt, D., Turetsky, M. R., Crill, P. M., and McGuire, A.
D.: Environmental and physical controls on northern terrestrial
methane emissions across permafrost zones, Glob. Change Biol.,
19, 589–603, https://doi.org/10.1111/gcb.12071, 2013.
Pallandt, M. M. T. A., Celis, G., and Göckede, M.: High latitude
carbon flux sites, NSF OPP Arctic data center [data set], https:

Biogeosciences, 19, 559–583, 2022

582

M. M. T. A. Pallandt et al.: Representativeness assessment of the pan-Arctic eddy covariance site network

//cosima.nceas.ucsb.edu/carbon-flux-sites/ (last access: 27 January 2022), 2018.
Parmentier, F.-J. W., Christensen, T. R., Rysgaard, S., Bendtsen,
J., Glud, R. N., Else, B., van Huissteden, J., Sachs, T., Vonk, J.
E., and Sejr, M. K.: A synthesis of the arctic terrestrial and marine carbon cycles under pressure from a dwindling cryosphere,
Ambio, 46, 53–69, https://doi.org/10.1007/s13280-016-0872-8,
2017.
Pastorello, G., Trotta, C., Canfora, E., et al.: The FLUXNET2015
dataset and the ONEFlux processing pipeline for eddy covariance data, Sci. Data, 7, 225, https://doi.org/10.1038/s41597-0200534-3, 2020.
Peltola, O., Vesala, T., Gao, Y., Räty, O., Alekseychik, P., Aurela,
M., Chojnicki, B., Desai, A. R., Dolman, A. J., Euskirchen, E. S.,
Friborg, T., Göckede, M., Helbig, M., Humphreys, E., Jackson,
R. B., Jocher, G., Joos, F., Klatt, J., Knox, S. H., Kowalska, N.,
Kutzbach, L., Lienert, S., Lohila, A., Mammarella, I., Nadeau, D.
F., Nilsson, M. B., Oechel, W. C., Peichl, M., Pypker, T., Quinton, W., Rinne, J., Sachs, T., Samson, M., Schmid, H. P., Sonnentag, O., Wille, C., Zona, D., and Aalto, T.: Monthly gridded
data product of northern wetland methane emissions based on upscaling eddy covariance observations, Earth Syst. Sci. Data, 11,
1263–1289, https://doi.org/10.5194/essd-11-1263-2019, 2019.
Porter, C., Morin, P., Howat, I., Noh, M.-J., Bates, B., Peterman, K., Keesey, S., Schlenk, M., Gardiner, J., Tomko, K.,
Willis, M., Kelleher, C., Cloutier, M., Husby, E., Foga, S.,
Nakamura, H., Platson, M., Wethington, M., Jr., Williamson,
C., Bauer, G., Enos, J., Arnold, G., Kramer, W., Becker,
P., Doshi, A., D’Souza, C., Cummens, P., Laurier, F.,
and Bojesen, M.: ArcticDEM, Harvard Dataverse [data set],
https://doi.org/10.7910/DVN/OHHUKH, 2018.
Raynolds, M. K., Walker, D. A., Balser, A., Bay, C., Campbell, M.,
Cherosov, M. M., Daniëls, F. J. A., Eidesen, P. B., Ermokhina,
K. A., Frost, G. V., Jedrzejek, B., Jorgenson, M. T., Kennedy, B.
E., Kholod, S. S., Lavrinenko, I. A., Lavrinenko, O. V., Magnússon, B., Matveyeva, N. V., Metúsalemsson, S., Nilsen, L.,
Olthof, I., Pospelov, I. N., Pospelova, E. B., Pouliot, D., Razzhivin, V., Schaepman-Strub, G., Šibík, J., Telyatnikov, M. Y.,
and Troeva, E.: A raster version of the Circumpolar Arctic Vegetation Map (CAVM), Remote Sens. Environ., 232, 111297,
https://doi.org/10.1016/j.rse.2019.111297, 2019.
Schimel, D., Hargrove, W., Hoffman, F., and MacMahon, J.:
NEON: a hierarchically designed national ecological network,
Front. Ecol. Environ., 5, 59–59, https://doi.org/10.1890/15409295(2007)5[59:NAHDNE]2.0.CO;2, 2007.
Schmid, H. P.: Source areas for scalars and scalar
fluxes,
Bound.-Lay.
Meteorol.,
67,
293–318,
https://doi.org/10.1007/BF00713146, 1994.
Schmid, H. P.: Footprint modeling for vegetation atmosphere exchange studies: a review and perspective, Agr. Forest Meteorol.,
113, 159–183, https://doi.org/10.1016/S0168-1923(02)00107-7,
2002.
Schuur, E. A. G., Bockheim, J., Canadell, J. G., Euskirchen, E.,
Field, C. B., Goryachkin, S. V., Hagemann, S., Kuhry, P., Lafleur,
P. M., Lee, H., Mazhitova, G., Nelson, F. E., Rinke, A., Romanovsky, V. E., Shiklomanov, N., Tarnocai, C., Venevsky, S.,
Vogel, J. G., and Zimov, S. A.: Vulnerability of Permafrost Carbon to Climate Change: Implications for the Global Carbon Cy-

Biogeosciences, 19, 559–583, 2022

cle, BioScience, 58, 701–714, https://doi.org/10.1641/B580807,
2008.
Schuur, E. A. G., Abbott, B. W., Bowden, W. B., Brovkin, V.,
Camill, P., Canadell, J. G., Chanton, J. P., Chapin, F. S., Christensen, T. R., Ciais, P., Crosby, B. T., Czimczik, C. I., Grosse, G.,
Harden, J., Hayes, D. J., Hugelius, G., Jastrow, J. D., Jones, J.
B., Kleinen, T., Koven, C. D., Krinner, G., Kuhry, P., Lawrence,
D. M., McGuire, A. D., Natali, S. M., O’Donnell, J. A., Ping,
C. L., Riley, W. J., Rinke, A., Romanovsky, V. E., Sannel, A. B.
K., Schädel, C., Schaefer, K., Sky, J., Subin, Z. M., Tarnocai,
C., Turetsky, M. R., Waldrop, M. P., Walter Anthony, K. M.,
Wickland, K. P., Wilson, C. J., and Zimov, S. A.: Expert assessment of vulnerability of permafrost carbon to climate change,
Clim. Change, 119, 359–374, https://doi.org/10.1007/s10584013-0730-7, 2013.
Schuur, E. A. G., McGuire, A. D., Schädel, C., Grosse, G., Harden,
J. W., Hayes, D. J., Hugelius, G., Koven, C. D., Kuhry, P.,
Lawrence, D. M., Natali, S. M., Olefeldt, D., Romanovsky, V. E.,
Schaefer, K., Turetsky, M. R., Treat, C. C., and Vonk, J. E.: Climate change and the permafrost carbon feedback, Nature, 520,
171–179, https://doi.org/10.1038/nature14338, 2015.
Serreze, M. C. and Barry, R. G.: Processes and impacts of Arctic
amplification: A research synthesis, Glob. Planet. Change, 77,
85–96, https://doi.org/10.1016/j.gloplacha.2011.03.004, 2011.
Shiga, Y. P., Michalak, A. M., Kawa, S. R., and Engelen, R. J.: Insitu CO2 monitoring network evaluation and design: A criterion
based on atmospheric CO2 variability, J. Geophys. Res.-Atmos.,
118, 2007–2018, https://doi.org/10.1002/jgrd.50168, 2013.
Strauss, J., Schirrmeister, L., Grosse, G., Fortier, D., Hugelius, G.,
Knoblauch, C., Romanovsky, V., Schädel, C., Schneider von
Deimling, T., Schuur, E. A. G., Shmelev, D., Ulrich, M., and
Veremeeva, A.: Deep Yedoma permafrost: A synthesis of depositional characteristics and carbon vulnerability, Earth-Sci. Rev.,
172, 75–86, https://doi.org/10.1016/j.earscirev.2017.07.007,
2017.
Sturtevant, C. S. and Oechel, W. C.: Spatial variation in landscapelevel CO2 and CH4 fluxes from arctic coastal tundra: influence
from vegetation, wetness, and the thaw lake cycle, Glob. Change
Biol., 19, 2853–2866, https://doi.org/10.1111/gcb.12247, 2013.
Sulkava, M., Luyssaert, S., Zaehle, S., and Papale, D.: Assessing
and improving the representativeness of monitoring networks:
The European flux tower network example, J. Geophys. Res.Biogeo., 116, G00J04, https://doi.org/10.1029/2010JG001562,
2011.
Tramontana, G., Migliavacca, M., Jung, M., Reichstein, M.,
Keenan, T. F., Camps-Valls, G., Ogee, J., Verrelst, J., and Papale, D.: Partitioning net carbon dioxide fluxes into photosynthesis and respiration using neural networks, Glob. Change Biol.,
26, 5235–5253, https://doi.org/10.1111/gcb.15203, 2020.
Tuovinen, J.-P., Aurela, M., Hatakka, J., Räsänen, A., Virtanen, T.,
Mikola, J., Ivakhov, V., Kondratyev, V., and Laurila, T.: Interpreting eddy covariance data from heterogeneous Siberian tundra:
land-cover-specific methane fluxes and spatial representativeness, Biogeosciences, 16, 255–274, https://doi.org/10.5194/bg16-255-2019, 2019.
Ueyama, M., Iwata, H., Harazono, Y., Euskirchen, E. S., Oechel,
W. C., and Zona, D.: Growing season and spatial variations of
carbon fluxes of Arctic and boreal ecosystems in Alaska (USA),

https://doi.org/10.5194/bg-19-559-2022

M. M. T. A. Pallandt et al.: Representativeness assessment of the pan-Arctic eddy covariance site network
Ecol. Appl., 23, 1798–1816, https://doi.org/10.1890/11-0875.1,
2013.
Vesala, T., Kljun, N., Rannik, U., Rinne, J., Sogachev, A.,
Markkanen, T., Sabelfeld, K., Foken, T., and Leclerc, M.
Y.: Flux and concentration footprint modelling: state of the
art, Environ. Pollut. Barking Essex 1987, 152, 653–666,
https://doi.org/10.1016/j.envpol.2007.06.070, 2008.
Villarreal, S. and Vargas, R.: Representativeness of FLUXNET
Sites Across Latin America, J. Geophys. Res.-Biogeo., 126,
e2020JG006090, https://doi.org/10.1029/2020JG006090, 2021.
Virkkala, A.-M., Virtanen, T., Lehtonen, A., Rinne, J., and Luoto,
M.: The current state of CO2 flux chamber studies in the Arctic
tundra: A review, Prog. Phys. Geog. Earth Environ., 42, 162–184,
https://doi.org/10.1177/0309133317745784, 2018.
Virkkala, A.-M., Abdi, A. M., Luoto, M., and Metcalfe, D.
B.: Identifying multidisciplinary research gaps across Arctic terrestrial gradients, Environ. Res. Lett., 14, 124061,
https://doi.org/10.1088/1748-9326/ab4291, 2019.
Virkkala, A.-M., Aalto, J., Rogers, B. M., Tagesson, T., Treat, C.
C., Natali, S. M., Watts, J. D., Potter, S., Lehtonen, A., Mauritz, M., Schuur, E. A. G., Kochendorfer, J., Zona, D., Oechel,
W., Kobayashi, H., Humphreys, E., Goeckede, M., Iwata, H.,
Lafleur, P. M., Euskirchen, E. S., Bokhorst, S., Marushchak, M.,
Martikainen, P. J., Elberling, B., Voigt, C., Biasi, C., Sonnentag, O., Parmentier, F.-J. W., Ueyama, M., Celis, G., St.Loius,
V. L., Emmerton, C. A., Peichl, M., Chi, J., Järveoja, J., Nilsson, Mats. B., Oberbauer, S. F., Torn, M. S., Park, S.-J., Dolman, H., Mammarella, I., Chae, N., Poyatos, R., López-Blanco,
E., Røjle Christensen, T., Jung Kwon, M., Sachs, T., Holl, D.,
and Luoto, M.: Statistical upscaling of ecosystem CO2 fluxes
across the terrestrial tundra and boreal domain: regional patterns and uncertainties, Glob. Change Biol., 27, 4040–4059,
https://doi.org/10.1111/gcb.15659, 2021.
Virtanen, T. and Ek, M.: The fragmented nature of tundra landscape, Int. J. Appl. Earth Obs., 27, 4–12,
https://doi.org/10.1016/j.jag.2013.05.010, 2014.
Wille, C., Kutzbach, L., Sachs, T., Wagner, D., and Pfeiffer, E.-M.: Methane emission from Siberian arctic polygonal
tundra: eddy covariance measurements and modeling, Glob.
Change Biol., 14, 1395–1408, https://doi.org/10.1111/j.13652486.2008.01586.x, 2008.
Xiao, J., Chen, J., Davis, K. J., and Reichstein, M.: Advances
in upscaling of eddy covariance measurements of carbon
and water fluxes, J. Geophys. Res.-Biogeo., 117, G00J01,
https://doi.org/10.1029/2011JG001889, 2012.

https://doi.org/10.5194/bg-19-559-2022

583

Ylläsjärvi, I. and Kuuluvainen, T.: How homogeneous is the boreal forest? Characteristics and variability of old-growth forest
on a Hylocomium – Myrtillus site type in the Pallas-Yllästunturi
National Park, northern Finland, Ann. Bot. Fenn., 46, 263–279,
2009.
Yu, Z. C.: Northern peatland carbon stocks and dynamics: a review, Biogeosciences, 9, 4071–4085, https://doi.org/10.5194/bg9-4071-2012, 2012.
Zhou, Y., Narumalani, S., Waltman, W. J., Waltman, S. W., and
Palecki, M. A.: A GIS-based Spatial Pattern Analysis Model for
eco-region mapping and characterization, Int. J. Geogr. Inf. Sci.,
17, 445–462, https://doi.org/10.1080/1365881031000086983,
2003.
Ziehn, T., Nickless, A., Rayner, P. J., Law, R. M., Roff, G., and
Fraser, P.: Greenhouse gas network design using backward Lagrangian particle dispersion modelling -− Part 1: Methodology
and Australian test case, Atmos. Chem. Phys., 14, 9363–9378,
https://doi.org/10.5194/acp-14-9363-2014, 2014.
Zimov, S. A., Davidov, S. P., Voropaev, Y. V., Prosiannikov, S.
F., Semiletov, I. P., Chapin, M. C., and Chapin, F. S.: Siberian
CO2 efflux in winter as a CO2 source and cause of seasonality in atmospheric CO2 , Climatic Change, 33, 111–120,
https://doi.org/10.1007/BF00140516, 1996.
Zona, D., Lipson, D. A., Richards, J. H., Phoenix, G. K., Liljedahl,
A. K., Ueyama, M., Sturtevant, C. S., and Oechel, W. C.: Delayed responses of an Arctic ecosystem to an extreme summer:
impacts on net ecosystem exchange and vegetation functioning,
Biogeosciences, 11, 5877–5888, https://doi.org/10.5194/bg-115877-2014, 2014.
Zona, D., Gioli, B., Commane, R., Lindaas, J., Wofsy, S. C., Miller,
C. E., Dinardo, S. J., Dengel, S., Sweeney, C., Karion, A., Chang,
R. Y.-W., Henderson, J. M., Murphy, P. C., Goodrich, J. P., Moreaux, V., Liljedahl, A., Watts, J. D., Kimball, J. S., Lipson, D.
A., and Oechel, W. C.: Cold season emissions dominate the
Arctic tundra methane budget, P. Natl. Acad. Sci., 113, 40–45,
https://doi.org/10.1073/pnas.1516017113, 2016.

Biogeosciences, 19, 559–583, 2022

