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a b s t r a c t
We determined key environmental and meteorological drivers that inﬂuence the magnitude of the ﬂuxes
of carbon dioxide, latent heat, and sensible heat using data from different vegetation types at 56 sites of the
AmeriFlux network in combination with a self-organizing feature map neural network. The technique was
combined with a subsequent k-means clustering procedure to classify the turbulent ﬂuxes. This method
is a direct approach to assess the importance of several environmental parameters for the turbulent
exchange rates above vegetated areas, based on eddy covariance measurements. The synthesis of the
available dataset was achieved by merging 225 pre-clusters of ﬂuxes that were found by the SOFM into
9 ﬁnal clusters exhibiting mean CO2 ﬂuxes from −5.8 mol m−2 s−1 to 3.8 mol m−2 s−1 .
The spatial and temporal comprehensive dataset covering 305 site years, combined with the independence from mechanistic ecological assumptions of the SOFM network approach provides an opportunity
to assess the strength of the inﬂuence of various environmental parameters on the turbulent ﬂuxes over
vegetated areas. After ranking the environmental and meteorological variables according to their cluster separation strength, the pattern of turbulent ﬂuxes turned out to be three times more sensitive to
photosynthetic photon ﬂux density and vegetation type than air temperature. Furthermore, the results
indicate a strong inﬂuence of the water vapor deﬁcit on the magnitude of the turbulent exchange.
© 2010 Elsevier B.V. All rights reserved.

1. Introduction
The turbulent vertical exchange between the land surface and
the atmosphere covers a signiﬁcant portion of the global budget
of energy, water, and carbon dioxide. These turbulent ﬂuxes are
a driving factor of climate on regional as well as global scales
(Schimel et al., 2001). Because ecosystems and their respective
exchange rates are inﬂuenced by varying environmental conditions, the atmospheric ﬂuxes of carbon dioxide, water and energy
themselves are considered as indicators for climatic changes. The
complex interdependency of ecosystem processes and environmental conditions is the focus of much current research (Cox et al.,
2000; Saleska et al., 2003; Thompson et al., 2004; Desai et al., 2008;
Beer et al., 2010). Consequences of climate changes on the carbon budget on large spatial scales are challenging to predict due
to inherent assumptions and uncertainties in various approaches.
Meteorological parameters such as incoming radiation, temperature, and the availability of water are predicted to change globally
due to ongoing massive anthropogenic emission of greenhouse
gases (Solomon et al., 2007). Recent studies also indicate an acceleration of the global terrestrial carbon cycle (Bond-Lamberty and
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Thomson, 2010). Nevertheless, the sensitivity of different ecosystems to climate is still far from being understood (Petoukhov et al.,
2000; Friedlingstein et al., 2006; Heimann and Reichstein, 2008).
Several approaches have been taken to determine the magnitude of
ecosystem response to climate variability, including process modeling (e.g. Dufresne et al., 2002; Friedlingstein et al., 2003; Gourdji
et al., 2008; Heimann and Reichstein, 2008), statistical analysis of
measurements (e.g. Law et al., 2002; Risch and Frank, 2010; Yadav
et al., 2010), or time series analysis (e.g. Stoy et al., 2009). In this
study we present a novel combination of methods to assess the
importance of different meteorological and geographical conditions for the ability of ecosystems to exchange carbon dioxide, heat,
and water vapor. The approach is based on the clustering of longterm ﬂux data of the AmeriFlux network measured above different
biomes across America (e.g. Hargrove et al., 2003). For this purpose
artiﬁcial neural Kohonen networks or self-organizing feature maps
(SOFM) were used to recognize similarities in the turbulent ﬂuxes
of CO2 , sensible heat, and latent heat. An SOFM network can be
used as an advanced cluster analysis tool because of their ability
to recognize similarities of presented input vectors (e.g. Kohonen,
1982, 1997; Patterson, 1996; Haykin, 1999). In recent years SOFM
networks have been successfully applied in various scientiﬁc disciplines to ﬁnd hidden structures in large or high-dimensional
datasets (e.g. Yang et al., 1998; Wang et al., 2001; Tigrine-Kordjani
et al., 2007; Ghasemi et al., 2009; Murty et al., 2009). The ability
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Table 1
AmeriFlux sites analyzed in this study.
Site name

Ameriﬂux ID

State

Latitude [◦ ]

Longitude [◦ ]

Vegetation type

Incorporated
years

ARM SGP Burn
ARM SGP Control
ARM SGP Main
Audubon Research Ranch
Barrow
Bartlett Experimental Forest
Blodgett Forest
Bondville
Brookings
Canaan Valley
Chestnut Ridge
Cottonwood
Donaldson
Duke Forest Loblolly Pine
Fermi Agricultural
Fermi Prairie
Flagstaff Managed Forest
Flagstaff Unmanaged Forest
Flagstaff Wildﬁre
Fort Peck
Freeman Ranch Mesquite Juniper
Goodwin Creek
Great Mountain Forest
Harvard Forest
Kendall Grassland
Kennedy Space Center Scrub Oak
Kennedy Space Center Slash Pine Flatwoods
Little Washita
Marys River Fir Site
Mead Irrigated
Mead Irrigated Rotation
Mead Rainfed
Metolius First Young Pine
Metolius Intermediate Pine
Metolius Old Pine
Missouri Ozark
Mize
Morgan Monroe State Forest

US-ARb
US-ARc
US-ARM
US-Aud
US-Brw
US-Bar
US-Blo
US-Bo1
US-Bkg
US-CaV
US-ChR
US-Ctn
US-SP3
US-Dk3
US-IB1
US-IB2
US-Fmf
US-Fuf
US-Fwf
US-FPe
US-FR2
US-Goo
US-GMF
US-Ha1
US-Wkg
US-KS2
US-KS1
US-LWW
US-Fir
US-Ne1
US-Ne2
US-Ne3
US-Me5
US-Me2
US-Me4
US-MOz
US-SP2
US-MMS

OK
OK
OK
AZ
AK
NH
CA
IL
SD
WV
TN
SD
FL
NC
IL
IL
AZ
AZ
AZ
MT
TX
MS
CT
MA
AZ
FL
FL
OK
OR
NE
NE
NE
OR
OR
OR
MO
FL
IN

35.550
35.547
36.606
31.591
71.323
44.065
38.895
40.006
44.345
39.063
35.931
43.950
29.755
35.978
41.859
41.841
35.143
35.089
35.445
48.308
29.950
34.255
41.967
42.538
31.737
28.609
28.458
34.960
44.647
41.165
41.165
41.180
44.437
44.452
44.499
38.744
29.765
39.323

−98.040
−98.040
−97.489
−110.509
−156.626
−71.288
−120.633
−88.290
−96.836
−79.421
−84.332
−101.847
−82.163
−79.094
−88.223
−88.241
−111.727
−111.762
−111.772
−105.102
−97.996
−89.874
−73.233
−72.172
−109.942
−80.672
−80.671
−97.979
−123.552
−96.477
−96.470
−96.440
−121.567
−121.557
−121.622
−92.200
−82.245
−86.413

Grassland
Grassland
Cropland
Grassland
Tundra
Deciduous broadleaf forest
Evergreen needleleaf forest
Cropland
Grassland
Grassland
Deciduous broadleaf forest
Grassland
Evergreen needleleaf forest
Evergreen needleleaf forest
Cropland
Grassland
Evergreen needleleaf forest
Evergreen needleleaf forest
Woody savanna
Grassland
Woody savanna
Grasslands
Mixed Forest
Deciduous broadleaf forest
Grassland
Closed shrubland
Evergreen needleleaf forest
Grassland
Evergreen needleleaf forest
Cropland
Cropland
Cropland
Evergreen needleleaf forest
Evergreen needleleaf forest
Evergreen needleleaf forest
Deciduous broadleaf forest
Evergreen Needleleaf Forest
Deciduous broadleaf forest

Niwot Ridge
North Carolina Clearcut
North Carolina Loblolly Pine
Park Falls
Ponca Winter Wheat
Santa Rita Mesquite Savanna
Shidler Tallgrass Prairie
Sky Oaks New
Sky Oaks Old
Sky Oaks Young

US-NR1
US-NC1
US-NC2
US-PFa
US-Pon
US-SRM
US-Shd
US-SO4
US-SO2
US-SO3

CO
NC
NC
WI
OK
AZ
OK
CA
CA
CA

40.033
35.811
35.803
45.946
36.767
31.821
36.933
33.384
33.374
33.377

−105.546
−76.712
−76.668
−90.272
−97.133
−110.866
−96.683
−116.640
−116.623
−116.623

Evergreen needleleaf forest
Evergreen needleleaf forest
Evergreen needleleaf forest
Mixed Forest
Cropland
Woody savanna
Grassland
Closed shrubland
Woody savanna
Closed shrubland

Sylvania Wilderness
Tonzi Ranch
UMBS
Vaira Ranch
Walker Branch
Walnut River
Willow Creek
Wind River Crane Site

US-Syv
US-Ton
US-UMB
US-Var
US-WBW
US-Wlr
US-WCr
US-Wrc

MI
CA
MI
CA
TN
KS
WI
WA

46.242
38.432
45.560
38.407
35.959
37.521
45.806
45.821

−89.348
−120.966
−84.714
−120.951
−84.287
−96.855
−90.080
−121.952

Mixed Forest
Woody savanna
Deciduous broadleaf forest
Grassland
Deciduous broadleaf forest
Grassland
Deciduous broadleaf forest
Evergreen needleleaf forest

2005, 2006
2005, 2006
2002–2009
2002–2009
1998–2002
2004–2007
1997–2007
1996–2008
2004–2009
2004–2007
2006, 2007
2006–2009
2000–2004
1998–2005
2005–2008
2004–2008
2005–2008
2005–2008
2005–2008
2000–2008
2004–2006
2002–2006
1999–2000
1992–2006
2004–2007
2003–2006
2002,2003
1997,1998
2006–2009
2001–2008
2001–2008
2001–2008
2000–2002
2002–2007
2000
2004–2008
2001–2004
2000–2002,
2006−2007
1998–2007
2004–2006
2005–2007
1996–2001
1997–2000
2004–2007
1997–2000
2004–2006
1997–2006
1997–1998,
2004–2006
2001–2006
2001–2008
2004–2006
2000–2008
2000–2007
2001–2004
1999–2006
1998–2006

to recognize complex patterns along multiple dimensions makes
SOFM networks an ideal tool to analyze large datasets of turbulent
ﬂuxes and ﬁnd similarities in ﬂux patterns and cluster the dataset
accordingly. After that the respective ﬂux patterns can be examined
with respect to the inﬂuencing meteorological variables. When
clustering the ﬂux vectors, the data are indirectly sorted according to the meteorological and environmental parameters which are
known to drive the magnitudes of turbulent exchanges.
The present approach allows this inherent information about
the drivers to be extracted and evaluated. Through statistical analysis of the cluster differences we were able to rank the available
environmental parameters according to their importance on the
magnitude of the turbulent exchange rates between the surface

and the atmosphere within the boundary layer. The advantage of
the presented inductive method is that the results are derived
directly in response to the relations and magnitudes of observed
net CO2 ﬂuxes, sensible heat ﬂuxes, and latent heat ﬂuxes without
any model uncertainties, previously made assumptions or approximations.
2. Data and methods
2.1. The AmeriFlux source data
We used observation data collected within the past 17 years
from 56 AmeriFlux sites in the USA (Table 1), totaling 305 site
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Table 2
Available variables used for the clustering and the further analyses of the clusters.
Active data (used for clustering)
Flux data

Passive data (used for interpretation)

Meteorological data

Net CO2 ﬂux
Latent heat ﬂux
Sensible heat ﬂux

Air temperature
Wind velocity
Wind direction
Soil temperature
Precipitation

Relative humidity
Vapor pressure deﬁcit
Net radiation
Incoming PPFD
Friction velocity

years of data. To evaluate the effect of various environmental parameters on exchange rates of different biomes included
in the AmeriFlux database (Baldocchi et al., 2001; Hargrove
et al., 2003), the net CO2 ﬂux (FC), sensible heat ﬂux (H), and
latent heat ﬂux (LE) were used as input variables to build clusters. The AmeriFlux Level 2 database analyzed in this study
(ftp://cdiac.ornl.gov/pub/ameriﬂux/data/Level2, April 2010) contains datasets with a temporal resolution of 30 min or 60 min. For
the purpose of standardization and to remove the effect of the diurnal course of the turbulent ﬂuxes on the clustering procedure, daily
values were used by averaging or summarizing, respectively. This
also reduced the effects of sampling random errors in the measuring data (Baldocchi, 2003). Furthermore, by using daily data records
the computational cost decreased to a maintainable amount.
The exchange of carbon dioxide, water vapor, and energy are
the variables of interest to describe biological exchange activity
of ecosystems (e.g. Baldocchi et al., 2001; Haupt-Herting et al.,
2001). Thus, only those AmeriFlux L2 data records with available
values of net CO2 ﬂux, latent heat ﬂux and sensible heat ﬂux
were extracted. Since the procedure is based on the clustering
of ﬂux data and the comparison of the respective meteorological variables the algorithm is not affected by discontinuous
time series. Thus, as every gap ﬁlling implies an additional error
for the data which might inﬂuence the SOFM procedure we
used only the available, measured Level 2 data of the AmeriFlux
database.
To remove outliers and peaks in the data series statistically we
applied a 5- criterion, i.e. if a value deviated from the average of
the series by more than 5 standard deviations it was considered an
outlier and was excluded from further analyzes. This chosen factor of 5 is in accordance with the Chebyshev’s Theorem and implies
that at least 96% of the statistical acceptable data are within these
boundaries without restriction related to the data distribution (e.g.
Gnedenko, 1988; Amidan et al., 2005).
Several incomplete data records were excluded in order to make
sure that the used data are sufﬁcient to represent the patterns that
occur in the turbulent ecosystem exchange of the 56 sites to allow a
meaningful interpretation. In particular, the data records needed to
include all available variables that potentially inﬂuence the ﬂuxes
as well as the spatially and temporally corresponding ﬂux values.
Therefore, only variables with an availability of at least 80% within
the analyzed period from 1992 through 2009 were selected for further analyses to achieve a complete and comprehensive dataset.
After quality control and the removing of outliers, 78,691 daily data
records each comprising 19 variables (Table 2) remained for further
analyses. Hence, in addition to the ﬂuxes of LE, H, and CO2 , the ﬁnal
dataset also included the corresponding environmental conditions
such as vegetation type, meteorology, geographical information

Geographical data and
site information

Latitude
Longitude

Time-related
information

Year
Day of year

Elevation of site
Vegetation type

Fig. 1. The 8 vegetation types represented in the analyzed long-term AmeriFlux
dataset and the percentages of the respective origins of the available ﬂux data
records.

(i.e. latitude, longitude, and elevation), and the date (i.e. year and
DOY).
The active part of the dataset consists of the values of the three
ﬂuxes that were clustered, whereas the passive data variables were
only used for the interpretation of the clustering results but were
not included in the clustering procedure itself (Table 2).
The vegetation types of the different measurement sites are
classiﬁed based on the 17 IGBP land cover types (International
Geosphere-Biosphere Programme).
The used dataset covers 8 different vegetation types above
which the turbulent ﬂuxes where measured. Their percentages are
given in Fig. 1.
The available dataset is dominated by ﬂuxes measured above
grasslands and evergreen needleleaf forests. However, due to the
large spatial and temporal range of the comprehensive dataset
(Table 1), the other vegetation types are also represented to examine the effect of the vegetation type and further environmental
parameters on the magnitude of the estimated turbulent ﬂuxes.
2.2. Self-organizing feature map neural networks
SOFM neural networks consist of two layers and exhibit only one
layer that contains active and adaptable neurons. The functions in
these active neurons are used to map the higher-dimensional input
data onto a lower-dimensional, mostly two-dimensional topologi-
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activation of the adapted neurons will be even higher if a similar input is presented to the SOFM during the remaining learning
epochs. To obtain the same range between 0 and 1 for all used input
vector components the raw values xi of all variables were linearly
transformed using the min–max normalization before being transferred to the SOFM neurons (Kohonen, 1990; Priddy and Keller,
2005) as given in Eq. (2),
xi =

Fig. 2. Schematic layout of a self-organizing feature map network. The n input neurons are connected to each neuron in the map lattice. The neurons in the map layer
are also connected to each other. The actual network used in this study consists of
225 neurons.

cal grid (i.e. map) whereas the neurons in the input layer are only
used to transfer the input vectors to the active nodes arranged in
the SOFM plane (Fig. 2).
The general advantage of neural networks, i.e. that no previous information about the data are needed because of their ability
to learn, also applies to SOFM networks. SOFM networks learn to
recognize groups of similar input vectors so that neurons that are
spatially near to each other in the map layer respond to similar
input vectors. Thus, this topology preservation ensures that similar input vectors that are close together in the n-dimensional input
space will be assigned to neurons that are close together on the
ﬂat feature map (or even to the same neuron). All computations
for this contribution including development of the SOFM were performed with MATLAB® (Rev. 2009b, The MathWorks, Inc., Natick,
Massachusetts, USA).
In contrast to common feed-forward neural networks, that are
used e.g. for regression purposes or data gap ﬁlling in ﬂux time
series (Van Wijk and Bouten, 1999; Papale and Valentini, 2003;
Schmidt et al., 2008) there is no comparison between a target value
of a training dataset and the output of the network to adopt the
internal network parameters by a back propagation from the output
layer. An SOFM adapts its spatial structure during an unsupervised learning procedure and learns to recognize the distribution
of a given input dataset as well as its topology in the input space
(Kohonen, 1997; Du, 2009).
Every active neuron in the map grid layer is also connected to
a weight vector that can be adapted to the input data. During each
epoch (learning step), all input vectors are transferred in a random order to all neurons in the map grid. For each input vector
x presented to the network, the competitive learning procedure
determines the neuron with a weight vector that is nearest to the
current input vector. Based on this principle, the winning neuron
can be determined by ﬁnding the minimum of the Euclidian distance d between the input x and all weights w in the n-dimensional
input space (Eq. (1)), with



1/2




dmin = min x − wj  = min
(xn − wjn )

xi − xmin
.
xmax − xmin

Here, xmax is the maximum and xmin the minimum of the respective variable in consideration of the complete used dataset. For the
interpretation of the results these values can be reconverted to the
real physical units and original range.
The SOFM network approach is among vector quantization algorithms and can be considered an enhancement of the k-means
clustering method (McQueen, 1965; Broomhead and Lowe, 1988;
Likas et al., 2003). During a k-means clustering procedure the
input vectors are partitioned into to k clusters, and the neuron
centers are set to represent the best center – ‘best centroid’ in
a multi-dimensional space for the respective cluster. The algorithm iteratively determines the minimum of the sum-of-squares
clustering-function J given as,
J=

 
2
wik − ck  ,

.

(1)

After that, only the weight vector of this winning neuron and the
weights of its assigned neighbors are updated and shifted even
closer towards the respective input vector. As a consequence, the

(3)

k i ∈ Sk

with
ck =

1 
wi ,
Nk

(4)

i ∈ Sk

Here ck is the mean of the data subset Sk with Nk elements, building
the cluster k (Bishop, 1995). At the end of this clustering procedure, each weight vector w is assigned to the cluster center ck that
is nearest. A radial basis distance function (e.g. a Gaussian function) with center c and a deﬁned width of its basis can be used as
representation of the cluster. A more detailed description of the
k-means clustering method using radial basis functions is given in
e.g. McQueen (1965), Likas et al. (2003), Ripley (2005), or Hair et al.
(2009). In contrast, during the SOFM learning procedure not only
the winning neuron is updated but also its neighbors in a deﬁned
range. This neural interconnectivity gives the SOFM a better ability
to recognize similarities of datasets that show a large variety and
range compared to the k-means clustering algorithm (Clare and
Cohen, 2001).
The strength of the ﬁnal neighbor connections between the neurons in the map layer are deﬁned by distances between their weight
vectors in the input space or feature space (Kohonen, 1990; Tavan
et al., 1990). The update of a the weight vectors wj after epoch l is
given by,
wj (l + 1) = wj (l) + (l) · (l) · (x(l) − wj (l)).

(5)

Where the learning rate  is a value between 0 and 1 that describes
the steps, with which the weight vector values are iteratively
adjusted. Both, the learning rate  and the value of the neighborhood range function (l) decrease with increasing l (Kohonen,
1990; Mulier and Cherkassky, 1994). In this study the exponentially
decreasing learning rate was calculated according to,
(l) = start

n

(2)



end

start

l/lmax

.

(6)

For the network used in this study the settings start = 0.9 as the initial learning rate and end = 0.01 as the minimum learning rate were
applied. The total number of reiterations of the input vector presentations to the network was set to lmax = 20, 000. The chosen initial
and ending learning rates are commonly used values to achieve
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a coarse and fast adoption of the weight vectors in the beginning
and ending with a small learning rate for the ﬁnal accurate weight
vector optimization. As long as the learning rate exhibits a clear gradient the results are not highly sensitive to the choices of start and
end . The optimal value for lmax was found by iteratively increasing
the number of reiterations until the SOFM clustering results (i.e.
node allocations) remained stable.
A Gaussian function (Eq. (7)) was chosen as neighborhood range
function for the SOFM training in this study,
(cj , l) = exp

 
2 
−cwin − cj 
((l) × m)

2

.

(7)

Here cj gives the center position of neuron number j in the map
lattice, m is the number of nodes per dimension in the topological
map (in our case 15) and cwin is the vector representing the cell
position of the winning neuron in the ﬂat map grid.
The expression ((l) · m)2 in the two-dimensional Gaussian
function (Eq. (7)) deﬁnes the radius of the winning neuron’s neighborhood. Hence, the closer the neighbors are to the center of the
wining neuron, the higher the value of the respective bell-shaped
RBF surface point and the bigger the modiﬁcation

 of the respective
adjacent weight vector since  → 0 if cwin − cj  increases.
This gradual decrease of the neighborhood and the learning rate
leads to a coarse sorting of the input data at the beginning of the
learning process and a ﬁne-tuning of the center positions during the
ﬁnal epochs. Moreover, because of the monotonically decreasing
functions (l) and (l) the system converges to a stable state when
l = lmax .
Therefore, the ﬁnal state of a neurons weight vector is the result
of lmax functional combinations of its weight vector position in the
input space (Eq. (1)) and its position in the ﬂat map lattice (Eqs.
(5)–(7)). According to this, the SOFM algorithm implies the reduction of dimensions from the higher-dimensional input space to the
two-dimensions of the map plane.
A reduction of the dimensionality is always attended by a loss of
information (Roweis and Saul, 2000; Hastie et al., 2001). It has been
proven that by projecting the spatial arrangement of the input values on the ﬂat output map, the strength of the neighbor connections
between the neurons in the SOFM are also capable of representing
the distances of the assigned input vectors in the n-dimensional
input space (Kohonen, 1990, 1997; Haykin, 1999). For this reason
SOFM networks are an appropriate method to keep the loss of information that originally can be found in the input data as small as
possible to gain meaningful data accumulations that represent the
physical similarity of the ﬂuxes in the respective clusters.
2.3. Combination of SOFM pre-clusters
At the end of the learning procedure, areas of neurons with small
distances between their weight vectors will have developed on the
map. These agglomerations of neurons are then combined to the
ﬁnal clusters. This was done to get a manageable amount of clusters
used for the further analyses and interpretations. Without knowing
the actual number of clusters in the dataset, the number of initial
reference vectors (i.e. the number of SOFM neurons) can be chosen
irrespective of the number of real clusters. The network arranges
itself around the present clusters while recognizing the distribution
and the topology of the data in the input space iteratively (Kohonen,
1984; Rojas, 1996; Haykin, 1999).
In order to ﬁnd the best network topology, we applied quantitative criteria by slightly increasing the number of neurons until
empty pre-clusters appeared in the resulting map. This was done
to set the number of nodes to an appropriate amount for the current dataset. Secondly, by ﬁnding an acceptable low value for the
summarized distances of each input vector to its respective nearest

weight vector, the clustering performance of the tested networks
was quantiﬁed (Vesanto and Alhoniemi, 2000; Liu et al., 2007).
Several SOFM networks with various numbers of nodes and
topologies were tested to ﬁnd the most appropriate SOFM for the
given problem. An SOFM network with the topology 3–225 (three
input neurons and a 15 × 15 SOFM lattice) turned out to exhibit
a map with no empty SOFM pre-clusters and the lowest sum of
distances. As a radial basis function was used to calculate the neighborhood activation, a hexagonal layout of the neurons was chosen
so that, with exception of the neurons at the borders of the lattice,
every neuron is equidistantly surrounded by 6 direct neighbor neurons. Furthermore, a hexagonal layout has been proven to provide a
good topology preservation of the input data (Arsuaga-Uriarte and
Diaz-Martin, 2005).
Due to its high performance in ﬁnding the centroids of spherical clusters (McQueen, 1965, 1967) the k-means algorithm was
applied in a following step after the ﬁrst 225 pre-clusters were
built by the SOFM. In contrast to the application of an SOFM network the number of clusters should be chosen prior to the analysis
according to the expected number of clusters when applying the
k-means clustering algorithm (Duda et al., 2001, Hair et al., 2009).
To ﬁnd the appropriate number of ﬁnal clusters in the second step
(Fig. 3), the Davies–Bouldin validity index IDB (Davies and Bouldin,
1979; Jain and Dubes, 1988; Maulik and Bandyopadhyay, 2002)
was used to merge the SOFM pre-clusters into the ﬁnal clusters.
The Davies–Bouldin validity index incorporates the within-cluster
distances between each cluster member and the center of the
respective cluster as well as the between-cluster distances. Using
this method based on the average-linkage values (Eq. (8)) the appropriate number of ﬁnal clusters for the used dataset was found by
determining the minimum of IDB , with,
1
max
k
l=
/ q
k

IDB (k) =



q=1




 
wm − cq  + (1/Nl ) wn − cl 
m
n


.
cq − cl 

(1/Nq )

(8)

Here, k is the number of ﬁnal clusters, cl and cq give the centers positions of two ﬁnal clusters at a time, N is the number of elements in
the clusters, and w gives the SOFM weight vector positions assigned
to the SOFM pre-clusters (i.e. neurons) q and l, respectively. Consequently, the Davies–Bouldin index has a small value for a good
clustering that exhibits well-separated and compact spherical clusters. Thus, within the clustering procedure presented in this work
the sorting of the turbulent exchange expressed by FC, H, and LE acts
on two levels. First, similar input vectors are merged into several
groups that are close together on the ﬂat output map by application of an SOFM network. Afterwards, these pre-clusters, composed
of agglomerations of the weight vectors of neurons responding to
similar inputs, are grouped together in the ﬁnal clusters by using
a k-means clustering algorithm. Since the pre-clusters built by the
SOFM are local averages of the ﬂuxes the clustering of the preclusters is less sensitive to random variations than the clustering of
the original data (Vesanto and Alhoniemi, 2000).
2.4. Cluster analysis and interpretation
After the active variables (i.e. the ﬂux vectors) consisting of the
FC, H and LE values were arranged in the ﬁnal clusters, the corresponding passive variables (i.e. the environmental parameters)
were extracted from the time series data records assigned to the
different clusters. By referring back to the complete 19-dimensional
daily data records to which the clustered ﬂux vectors belong, the
inﬂuences of the simultaneously measured environmental param-
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Fig. 3. Schematic overview of the applied procedure for the ﬂux data clustering and analysis. The clusters have only been built based on the active variables (i.e. ﬂux values)
while the environmental conditions that affected the ﬂuxes are quantitatively described by the corresponding passive variables.
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Fig. 4. The unsupervised adaption oif the weight vector positions (black points) to the topology of the linearly normalized inputs (gray crosses) after 1 (a), 50 (b), 500 (c), and
10,000 (d) epochs. For the purpose of visibility only every 70th input is shown.

eters on the magnitude of the ﬂux vectors were assessed. For this
purpose, the variation of the frequency distributions of each passive
variable among the different clusters has to be determined. The dissimilarities of the distributions of the passive variables have to be
examined along two dimensions of which one is the cluster number k the respective data value xijk of variable j is assigned to. The
second dimension is the class i within the distribution of variable j
in cluster k.
The more different the distributions of a variable among the
clusters the higher its inﬂuence on the ﬂuxes as the clusters were
mathematically only built based on the ﬂux input vectors. The
ﬂuxes FC, H, and LE in the ﬁnal clusters are assorted (clustered)
to be as different as possible among the clusters but as similar as
possible within the single clusters. Hence, if a passive variable such
as the air temperature would be very similar among all clusters the
inﬂuence on the ﬂuxes obviously is not high as the corresponding
ﬂux vectors differ as much as possible among the clustered groups.
The Assessment of dissimilarity of the passive variables in the
clusters was achieved by calculating the error ε as a measure for the
dissimilarity of a variable among the different clusters. This intercluster variation of each passive variable j was calculated according
to,
εj =


i

2

(Hijk − H̄ij ) ,

Since all classes for all normalized variables in all clusters have
the same range, the ratio between the 16 resulting ε-values of the
passive variables is not sensitive to the absolute number of classes
as long as the classiﬁcation is not chosen too coarse. Otherwise,
merging values which differ signiﬁcantly would lead to a loss of
statistical information between those values and the corresponding ﬂuxes. This effect did not occur as a subdivision into 20 classes
was conducted. The number of classes was chosen according to
the respective dataset in order to assure a ﬁne enough classiﬁcation that represents the raw data as exactly as possible on the one
hand and without exhibiting too many empty classes in the various
distributions on the other hand.
This method enabled us to get the required information about
the ﬂux cluster separation strength of the passive variables giving
the environmental conditions during the recording of the corresponding turbulent ﬂuxes. Here, the information about the cluster
separation strength is represented by the εj values that give the
accumulated inter-cluster differences of the relative frequencies
(Eq. (9)).
A schematic diagram of the applied multi-step procedure is presented in (Fig. 3).
3. Results and discussion

(9)

k

where Hijk gives the relative frequency of a class i of variable j found
in the values allocated to the cluster k. H̄ij denotes the average over
all clusters of the frequencies of the respective class. Within some
distributions of variables in the clusters not all classes are occupied.
Using the ε value as given in Eq. (9) provides the advantage that
unoccupied classes of discontinuous variables such as elevation or
vegetation type do not inﬂuence the Epsilon sums which therefore
allows an unbiased assessment of the dissimilarity between the
frequency distributions. By comparison of the εj values the relative
strength of the inﬂuence of the passive variables on the observed
ﬂuxes can be derived and compared.

As the used input vectors consist of the net CO2 ﬂux, the sensible
heat ﬂux, and the latent heat ﬂux, the weight vectors of the SOFM
neurons are also three-dimensional wj (wj1 , wj2 , wj3 ). Therefore,
the adaption of the neurons’ weight vectors during the learning
phase can be directly visualized to show the performance of the
network. The iterative adaption of the weight vectors to the ﬂux
vectors is clearly cognizable (Fig. 4).
The uniﬁed distance matrix (U-matrix) was used to visualize
the SOFM accumulations on the resulting two-dimensional feature
map (Fig. 5). The U-matrix shows the distances between the higherdimensional weight vectors of the neurons that are arranged in the
map lattice (Ultsch and Siemon, 1990; Vesanto, 1999; Nikkila et al.,
2002; Taşdemir, 2008). Here, a large distance between the neurons
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Fig. 6. The Davies–Bouldin validity index vs. the number of ﬁnal clusters k composed
of the 225 SOFM pre-clusters.

Fig. 5. Visualization of the neighbor weight vector distances on the twodimensional SOFM by the U-matrix. The hexagons mark the positions of the single
feature map neurons.

is indicated by a darker shade of the connection between the neurons, which can be interpreted as a class border. The lighter areas
indicate a small distance between the neurons (i.e. their weight
vectors), indicating closer proximity to the weight vectors in the
input space that is spanned by the ﬂux vectors x(FC, H, LE). Hence,
light shaded areas can be interpreted as clusters. Fig. 5 shows the
visualized U-matrix of the network after 20,000 learning epochs.
Several agglomerations of weight vectors associated with the map
neurons can be recognized.
In the lower right area of the map a bright area is shown for
instance. Also the separated pre-cluster that consist of a single neuron in column 10 and row 8 is visible. This neuron obviously has
values assigned that differ signiﬁcantly from the other ﬂux vectors.
Also neurons in the ﬁrst row at columns 2, 9, and 12, exhibit high
distances to all other neighbors.
Fig. 5 shows the ability of the SOFM to recognize data peaks
and to detect outliers when used for data mining procedures (e.g.
Kohonen, 1997; Munoz and Muruzabal, 1998). Although outliers
in a statistical sense were removed previous to the SOFM training,
these values are still rare extreme values. The respective 5 extreme
value pre-clusters that altogether contain 237 assigned ﬂux values were excluded for the following k-means algorithm to improve
the ﬁnal clustering and therewith the reliability of the results. The
plotted U-matrix gives only a ﬁrst impression of the success of the
pre-clustering and helps to ensure that similar data groups actually
have been recognized.
It has been proven that the applied two-step clustering procedure offers the advantage of a high computational efﬁciency and
more reliable clustering results compared to a direct reduction of
the number of SOFM nodes to the number of ﬁnal clusters (Vesanto
and Alhoniemi, 2000). The SOFM is superior in ﬁnding similar
multidimensional values compared to a direct k-means clustering
especially if the values cover a wide range and contain random
noise (Liu and Gader, 2002; Mohebi and Sap, 2009). Nevertheless, when the values are statistically represented in the spherical
input space by the SOFM weight vectors, the k-means algorithm
is an appropriate and common method to ﬁnd the ﬁnal clusters
quickly (Duda et al., 2001). Hence, the data can be reduced to a
clearly arranged number of clusters with simultaneous consideration of the variability of the ﬂuxes. In addition, the noise reduction
is another beneﬁt of the two-step clustering approach.

To ﬁnd the number of ﬁnal clusters in the feature map, a more
accurate and distinct method using the Davies–Bouldin validity
index (Eq. (8)) was applied.
The validity index IDB was calculated for a number of 2 through
40 clusters. As shown in Fig. 6, IDB has its minimum when the 225
SOFM pre-clusters are combined to 9 ﬁnal clusters. Thus, the 225
SOFM pre-clusters are arranged around the 9 centers of the ﬁnal
clusters so that each SOFM pre-cluster is assigned to its nearest center. The different ﬂux vector properties of the clusters can already
be derived from the three-dimensional arrangement of the cluster
centers and the cluster members. The values merged in cluster 8
exhibit the highest positive CO2 ﬂuxes whereas the ﬂuxes indicating the highest uptake of CO2 are assigned to cluster 2 (Fig. 7).
Furthermore, the spatial separation of the pre-clusters shown in
Fig. 7 also proves the ability of the SOFM to recognize groups of ﬂux
values that differ signiﬁcantly as well as to merge data that show
similar ﬂuxes. A summary of the properties of the ﬂux vectors in
the resulting clusters is given in Fig. 8. Low mean daily exchange
rates of CO2 , sensible heat, and latent heat are mostly assigned to
cluster 1. This is explained by the fact that this cluster contains a
high portion of low wintertime data of the incorporated AmeriFlux
sites with low plant activity and more stable atmospheric conditions. This explains the small average of H (Fig. 8) in cluster 1 and
also the low incoming shortwave radiation and PPFD values which
average 51.08 ± 40.92 W m−2 and 245.33 ± 163.25 mol m−2 s−1 ,
respectively. By contrast the distribution of months associated with
the ﬂux measurements in the other clusters exhibit higher frequencies in the periods with increased plant activity in terms of high
photosynthesis and respiration rates in spring and summer.
Even though the cluster averages have been calculated from
various independent ﬂuxes including measurements of different
sites and years, the ﬁnal cluster data shows clear patterns. Irrespective of the spatial and temporal distribution of the original ﬂuxes
this allows an interpretation of the functional relations between
driving environmental and meteorological parameters and the corresponding clustered ﬂuxes.
The high CO2 uptake in cluster 2 in connection with the high
mean ﬂuxes of LE and H shows cases with a well developed turbulence regime where the respective ecosystems act as remarkable
CO2 sinks. The high standard deviations in relation to the mean values of LE (39%) and H (99%) in cluster 2 indicate that the high CO2
uptake takes place under variable meteorological conditions. Thus,
even if the heat ﬂuxes are low, the average CO2 uptake, which shows
a lower standard deviation (±19%), is still high in most of the cases.
Cluster 3 and 4 also exhibit a noticeable CO2 uptake and signiﬁ-
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Fig. 7. The SOFM weight vectors marked according to their cluster afﬁliations and the position of the centers of the ﬁnal clusters shown from various view angles using a
right-handed coordinate system (azimuth:−15◦ elevation:10◦ (a), azimuth:140◦ elevation:50◦ (b), and azimuth:−15◦ elevation:70◦ (c)).

stomatal activity, it can be assumed that situations with low gross
photosynthesis rates are numerously represented in this cluster.
Respiration is also likely higher when sensible heat ﬂux is high, as
long as water is not limiting.
A more detailed and sites speciﬁc analysis can be achieved by
setting the clustering results in a spatial relation to the incorporated
AmeriFlux tower sites.

3.1. Spatial ﬂux patterns and land-cover

Fig. 8. The mean values of the measured ﬂuxes in the ﬁnal clusters. The error bars
show the ±1 standard deviations to indicate the variability within the clusters.

cant energy exchange. In addition, cluster 3 contains ﬂuxes under
meteorological conditions with a higher amount of available water
and air moisture causing the increased transport of latent heat. By
contrast, the ﬂuxes that are assigned to cluster 8 show the vegetated areas acting as sources of CO2 . Because the corresponding
mean latent heat ﬂuxes are small, and we know that physiologically, gross photosynthesis and transpiration are coupled through

On the map of the USA shown in Fig. 9, the cluster afﬁliations
of the different sites that were analyzed in this study are shown.
Due to the high variability of turbulent ﬂuxes over the years and
the variability of the relations between FC, H, and LE the ﬂuxes that
were measured at single sites are consequently not all assigned to
the same cluster. The bars at the measurement tower positions on
the map of mainland USA (Fig. 9) show the percentage cluster afﬁliations of the ﬂux vectors measured at the respective site. The IGBP
ecosystem related information is extracted from MODIS (Moderate Resolution Imaging Spectroradiometer) data of 2007. The pixels
were aggregated to adopt the spatial resolution (0.02◦ ) to the scale
of the mapped area presented in Fig. 9.
The map generally shows that sites in the Northeast and the
Midwest areas have a higher percentage of ﬂuxes affected by the
cold temperatures and low ecosystem exchange rates of CO2 and
energy during wintertime (cluster 1). Furthermore, large areas of
cropland in the Midwest are partially not tilled during this time.
In contrast, the sites in the Paciﬁc Northwest show more ﬂuxes
from the clusters 4, 5, and 7. As shown in Fig. 9, the northwest
sites are dominated by evergreen needleleaf forests (ENF) that are
still able to take up CO2 during some periods of the relatively mild
winters. This explains the ongoing moderate uptake of CO2 that
is represented in cluster 4. Higher NEE values of ENF systems in
comparison to DBF ecosystems, both exposed to similar temperature and precipitation regimes, were also observed by Desai et al.
(2008). However, in contrast to this work, the previous study was
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Fig. 9. Map of mainland USA showing the land cover, the position of the AmeriFlux sites, and the percentage cluster afﬁliations of the corresponding ﬂux data.

restricted to data measured during the growing season. Nevertheless, the afﬁliations to cluster 5 of the Paciﬁc Northwest sites
indicate that the rate of net CO2 exchange (release) is small even
if the sensible heat ﬂux occasionally increases. This indicates transient situations with turbulence induced by incoming radiation but
no signiﬁcant effect on ecosystem respiration.
The woody savanna site in Texas (Freeman Ranch Mesquite
Juniper, Table 1) shows a high percentage of ﬂuxes assigned cluster
2 which is characterized by the highest CO2 uptake values and also
of cluster 7 which indicates high ﬂuxes of sensible heat during the
years 2004–2006. By contrast, the tundra site in northern Alaska is
dominated by cluster 1 and 9 and contributes portions to clusters 4
(5.3%) and 5 (3.7%) and only negligible percentages (<1%) to clusters
2, 6, and 7. This shows that the tundra vegetation in this cold and
dry area exhibits signiﬁcant CO2 exchanges only during the short
warmer periods in summer. Thus, it can be concluded, that this
Alaskan tundra site acted as a weak CO2 sink over the years, which
was also found through direct analysis of the ﬂux measurements
by Lund et al. (2009).
A similar pattern of ﬂux activities was recognized by the SOFM
for the Fort Peck site Montana (Fig. 9). This grassland site located
on 643 m a.s.l. exhibits a mean annual precipitation sum of about
500 mm and a mean temperature of 5.13 ◦ C, based on data from
2000 to 2005. The low average values of FC, LE, and H in cluster 1
caused by the values measured during the harsh and cold winters
are clearly shown (Figs. 7 and 8). Cluster 7 however is characterized by high average ﬂuxes of sensible heat and with an average
of 846.4 mol m−2 s−1 cluster 7 also exhibits the highest PPFD values. The respective mean CO2 uptake and the mean transport of
water vapor (i.e. LE) are moderate (Fig. 8). Such conditions are
frequently observed above semiarid shrubland and grassland com-

munities (e.g. Spano et al., 2006; Serrano-Ortiz et al., 2007) which
probably also explains the noticeable percentage of the ﬂuxes of
the shrubland sites (Sky Oaks sites, Table 1) in the southwest that
were assigned to this cluster as shown in Fig. 9.
3.2. Assessment of ﬂux drivers
Since the passive variables of each of the 9 clusters were classiﬁed into 20 classes exhibiting the same width, we yield a 9 × 16 × 20
data array containing 2880 frequency values. This comprises the k
(9) clusters each containing j (16) passive variables that are subdivided into i (20) classes. To determine the driving parameters that
signiﬁcantly inﬂuence ecosystem exchange rates in this dataset, the
accumulated inter-cluster differences for each of the 20 classes of
every passive variable were calculated through application of the
algorithm given in Eq. (9). Based on the linearly normalized values
used for the SOFM and k-means procedures the passive variables
could be ranked relatively according to their cluster segregation
strength (i.e. their inﬂuence on the ﬂux vectors, Fig. 3).
The ﬁnal results show, that net radiation and incident PPFD
(photosynthetic photon ﬂux density measured as photosynthetically active radiation in the 400–700 nm waveband) are
the most important variables that explain variances in the
atmosphere–ecosystem exchange of carbon and energy (Fig. 10).
Furthermore, vegetation type and vapor pressure deﬁcit (VPD)
are parameters that signiﬁcantly determine the cluster afﬁliation
of the vectors representing the magnitude of the ﬂuxes, followed
by soil temperature and precipitation. Vegetation type can be
considered as a long-term integrated response to environmental
variables, particularly temperature and moisture, so it must be
assumed that there is some co-variation that is not discernible.
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Fig. 10. Accumulated inter-cluster differences εj of the class allocations for each
passive variable.

Although VPD in the AmeriFlux database is calculated from relative humidity (RH) and air temperature, VPD turned out to have an
inﬂuence on the ﬂuxes that is about twice as high in, terms of the
cluster separation strength, as the inﬂuence of RH or air temperature, respectively (Fig. 10). With respect to the dependency of ﬂuxes
on the VPD (e.g. Turner et al., 1985; Mahrt and Vickers, 2002; Lund
et al., 2009), this result afﬁrms the important role of the vegetation
cover and physiological response via stomatal activity.
Soil temperature exhibits a noticeable effect on clustering of
ﬂux vectors (Fig. 10), in contrast to air temperature. Because soil
respiration accounts for 60–70% of ecosystem respiration (e.g. Law
et al., 1999; Ryan and Law, 2005; Borken et al., 2006; Euskirchen
et al., 2006) and is highly correlated with soil temperature (Raich
and Tufekciogul, 2000; Martin and Bolstad, 2005), it may strongly
inﬂuence the sensitivity of CO2 ﬂuxes to soil temperature in this
analysis. Furthermore this supports the assumption that a remarkable portion of the measured net CO2 ﬂuxes has to be attributed to
soil respiration rather than to plant respiration.
The geographical parameters latitude, longitude and the elevation of the sites show a moderate effect on the ﬂuxes according to
their inter-cluster variances (Fig. 10). Their importance is ranked
similar to that of the day of year (DOY). It is likely that the value
of the DOY is increased through its correlation with the amount of
incoming radiation that of course exhibits a strong seasonal run.
With respect to the vegetation types the cluster afﬁliations show
that the ﬂux values of the different forest types exhibit a similar
distribution of cluster percentages (Figs. 9 and 11). With exception of the group of deciduous broadleaf forests (DBF) which has
less of the ﬂux vectors assigned to cluster 5 which is also characterized by a noticeable average amount of CO2 uptake. The high
percentage of the ﬂuxes above the shrubland biomes assigned to
cluster 5 (Fig. 11) is, with respect to the cluster-speciﬁc averages
(Fig. 8), obviously related to the frequently high values of H above
the arid and semi-arid areas where the shrubland sites are located
(Fig. 9).
The tundra vegetation type in our dataset was only represented
by the Barrow site in northern Alaska (Table 1). The clear assignment of the respective long-term ﬂux patterns of this tundra site
shown in Fig. 11 additionally validates the ability of the presented
method to recognize and arrange the ﬂuxes correctly. The cluster
afﬁliations of the respective ﬂuxes reﬂect the plant activities in con-

Fig. 11. Percentage cluster apportionment of the ﬂuxes related to the 8 vegetation
types.

nection with the general meteorological conditions at cold and dry
tundra sites (Figs. 8 and 11).
Overall, the results found in this synthesis of the AmeriFlux data
support ﬁndings of other studies that comprised data from single
sites or various ecosystems. The relatively small inﬂuence of the
air temperature on ecosystem respiration (Fig. 10) matches the
ﬁndings of other studies (e.g. Law et al., 2002; Reichstein et al.,
2007).
This also accounts for the remarkable inﬂuence of the net radiation and PPFD (Garbulsky et al., 2010; Pieruschka et al., 2010) and
the type of vegetation (Valentini et al., 2000; Desai et al., 2008),
respectively. In an analysis of 38 sites, Law et al. (2002) found
a strong correlation between GPP and the product of temperature and site water balance, which was represented by the sum
of monthly precipitation minus evapotranspiration. Although soil
water availability can have a major effect on CO2 and water vapor
exchange (Irvine and Law, 2002; Thomas et al., 2009; Baldocchi
et al., 2004) our dataset contains only a small number of sites that
regularly experience drought during the growing season and continuous soil moisture was not available for this analysis. In addition,
our analysis does not decompose daytime ﬂuxes into photosynthesis and respiration, so we were not able to conﬁrm such previous
ﬁndings.
The presented SOFM method implies that turbulent exchange
rates assigned to the same cluster will show a similar response to
changing magnitudes of variables that were found to be important
in terms of their strength to passively segregate the different SOFM
weight vector agglomerations. Hence, the change of the underlying
vegetation type by deforestation or converting a grassland area into
cropland for agricultural purposes, for instance, will show a massive
effect on the budget of CO2 , water, and energy budget of the region.
In comparison to ﬂuxes above croplands, the ﬂuxes above mixed
forests and deciduous broadleaf forests exhibit a higher percentage
assigned to cluster 2 and cluster 4, respectively (Figs. 9 and 11) that
both are characterized by high means of net CO2 uptake (Fig. 8).
According to the ranked passive variables, the large response of
ﬂuxes to the vegetation type indicates that a change of vegetation
cover leads to variations in the CO2 ﬂuxes that are even larger than
the known variations of turbulent exchanges associated only with
the changing of seasons, represented by the classiﬁed DOY (Fig. 10).
Moreover, on a larger scale the expected increase of CO2 uptake
through increasing air temperatures caused by global warming is
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likely to be superposed by the expected increase of air moisture
and cloud formation and the corresponding, much higher effect of
decreased incoming radiation and particularly PPFD.
4. Conclusions
The results show that the presented method is sufﬁcient to
detect the patterns of turbulent ﬂuxes across a large dataset with
variations in space and time as well as in terms of meteorological
and environmental conditions.
This spatial and temporal comprehensive dataset, combined
with the independence from mechanistic ecological assumptions
of the SOFM network approach provides a unique opportunity to
validate and assess modeling efforts. The relative ranking of driving variables shows that radiation (net radiation and the PPFD) and
type of vegetation are the most important parameters that determine the amount of turbulent exchange above vegetated areas. The
quantitative results show that vegetation type and PPFD turned out
to have an effect on the pattern of the turbulent ﬂux magnitudes
that is much higher than the effect of air temperature.
With respect to the ongoing discussion about the effects of the
global change this study shows that rising air temperature itself
will have a smaller direct effect on the turbulent exchange over
ecosystems than that of most other variables accounted for in this
study. This is especially interesting in consideration of the fact that
the amount of water vapor and therewith the formation of clouds is
expected to increase due to the global warming process (Solomon
et al., 2007) as, with respect to the ﬁndings in this study, for the continental USA the effect of the increased temperature on the ﬂuxes is
likely be overcompensated at many sites by the counteractive effect
of reduced incoming radiation caused by the generally increased
cloud cover.
Strong effects of soil temperature and precipitation on the ﬂuxes
are clearly shown. In particular the conspicuous inter-cluster variance of soil temperature indicates that net carbon uptake is strongly
inﬂuenced by the temperature response of soil processes contributing to soil respiration.
Furthermore, the large response of ﬂuxes to vegetation type
in connection with the average FC values and vegetation types
in the clusters indicate that deforestation and transformation into
agriculturally used areas will probably lead to a decreased carbon
sequestration in most cases.
Due to the ﬁndings of this study, the application of the presented
method on a global dataset using the participating databases of the
FLUXNET organization in connection with high performance computers is encouraged as a very interesting and important goal for
future studies.
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