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We describe a pragmatic approach for evaluating the spatial representativeness of flux tower measurements
based on footprint climatology modeling analyses of land cover and remotely sensed vegetation indices. The
approach was applied to the twelve flux sites of the Canadian Carbon Program (CCP) that include grassland,
wetland, and temperate and boreal forests across an east–west continental gradient. The spatial variation
within the footprint area was evaluated by examining the spatial structure of Normalized Difference Vegeta-
tion Index (NDVI) and land cover using geostatistical analyses of frequency distribution, variogram and win-
dow size. The results show that at most sites (i) the percentages of the target vegetation functional type
(dominant land cover) observed by the CCP towers were higher than 60%; (ii) to some extent, most of the
CCP sites presented anisotropically distributed patterns of NDVI in the 90% annual footprint climatology
area; and (iii) the land surface heterogeneity within the flux footprint area differed among sites. Overall,
the forest sites had larger fine-scale spatial variation than the grassland and wetland sites. The coniferous bo-
real forest sites had greater spatial variability than the two wetland sites and a coniferous temperate forest
site. We conclude that the combination of footprint modeling, semivariogram and window size techniques,
together with moderate spatial resolution remotely-sensed image data, is a pragmatic approach for assessing
the spatial representativeness of flux tower measurements.

© 2012 Elsevier Inc. All rights reserved.

1. Introduction

The eddy covariance (EC) technique is commonly used to measure
CO2, water vapor and energy exchange between the atmosphere and
terrestrial ecosystems (Baldocchi, 2008). The use of the EC technique
to estimate surface exchange is based on the assumption that the

contributing area of the fluxes (i.e. footprint area) is topographically
flat and the vegetation extends uniformly (Baldocchi, 2003, 2008;
Finnigan et al., 2003; Foken & Wichura, 1996). In reality however,
there are few such ideal sites, with spatial heterogeneity generally caus-
ing problems in data quality, data analysis, and proper interpretation of
EC-data (Sogachev et al. 2004). These problems can be addressed if the
spatial representativeness of the measurements is known.

Individual towers provide information on the gas exchange be-
tween vegetation and the atmosphere which is assumed to be charac-
teristic for a given ecosystem of interest (a target ecosystem) (Schmid
& Lloyd, 1999). On this basis, networks of EC systems have been set
up at biome, national, continental, and global scales based loosely
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on the idea that individual nodes are representative of larger ecosys-
tems (Baldocchi, 2008). However, utilization and application of EC
measurements (especially for spatial up-scaling to landscape and re-
gional scales) can be problematic due to difficulties/uncertainties in
understanding/interpreting the long-term EC measurements (Chen
et al., 2009a; Gockede et al., 2004; Rebmann et al., 2005). The spatial
variation within the EC flux footprint area needs to be assessed prior
to the data from these networks being combined with remote sensing
data and/or ecosystemmodels to determine spatial and temporal var-
iability of CO2 exchanges over heterogeneous landscapes that have
undergone some prior disturbance (e.g., land management, extreme
weather, insect infestation, fire, etc.), or that contain different stand
ages, species types (e.g., Heinsch et al., 2006).

Footprintmodels have been developed to estimate the probability of
fluxes originated from a particular place surrounding the tower. The
spatial variability of the source strength is usually controlled by the sur-
face vegetation characteristics and soil conditions. It is assumed that the
spatial variability of vegetation density is significantly correlated with
that of the source flux strength (Kim et al., 2006). The combination of
footprint modeling and remotely-sensed high-resolution image data is
then proposed to characterize the heterogeneity over the EC flux foot-
print area (Chen et al., 2009a; Kim et al., 2006).

In this paper, we present amethod to combine remotely sensed veg-
etation indices, a widely used land cover map, and a footprint model to
characterize the source of the EC fluxes. This methodology was applied
to the 12 main study sites of the Canadian Carbon Program (CCP) net-
work (previous Fluxnet Canada Research Network). The footprint cli-
matology, i.e. footprint estimates for long-term EC measurements, was
calculated using the Simple Analytical Footprint model on Eulerian co-
ordinates (SAFE-F, Chen et al., 2009a). A vegetation index (NDVI: Nor-
malized Difference Vegetation Index) is generally related to green
vegetation cover or vegetation canopy density. NDVI is also considered
to be a relative and indirect indicator of photosynthetic capacity and is
sometimes corrected with biophysical parameters such as green leaf
biomass (e.g., Govind et al., 2009; Myneni et al., 1995; Sellers, 1985)
and the fraction of green vegetation cover (Myneni et al., 1995). The
NDVI used as a surrogate of the land-surface flux was derived from
Landsat Thematic Mapper (TM) or Enhanced TM (ETM+) imagery
data. The spatial variation within the footprint climatology area was
evaluated by examining the spatial structure of the vegetation index
and land cover using geostatistical measures, including the frequency
distribution, variogram and window-size analyses.

2. Methods and data

2.1. Site characteristics

We selected 12 main flux tower sites of the CCP distributed along
an east–west continental transect in Canada (Fig. 1). These sites cover
four major biome types (grassland, wetland and both temperate and
boreal forests) and six ecoregions (from west to east: Pacific mari-
time, prairies, boreal plains, boreal shield, mixed wood plains and At-
lantic maritime). Site and EC flux tower characteristics are
summarized in Table 1 (http://www.fluxnet-canada.ca).

2.2. Footprint and footprint climatology modeling

The footprint probability distribution function (PDF) of the mea-
sured fluxes can be estimated with footprint models (e.g., Schmid,
1994; Kljun et al., 2004; Chen et al., 2009a). However, the complexity
and large computational demand of some models restricts their prac-
tical applicability. For multi-site EC datasets, it is advantageous to use
a somewhat simplified footprint model that still retains the ability to
discern spatial footprints. In this study we used the Simple Analytical
Footprint model on Eulerian coordinates for scalar Flux (SAFE-F, Chen
et al., 2009a) to compute the footprint PDF. This analytical footprint

model takes into account atmospheric stability and uses the wind ve-
locity power law above the canopy, allowing it to be applicable to a
wide range of atmospheric conditions.

The SAFE-F model input includes the EC sensor height (hm), canopy
height (hc), roughness length (z0), friction velocity (u ), u threshold for
ECflux calculation (u*

th),wind direction (WD),wind speed (u), standard
deviation of lateral wind speed (σv), and sensible and latent heat fluxes
measured at the EC sensor height. The input meteorological variables
were measured in 2006, which was generally considered a normal
weather year over most of the sites. These data were acquired from
the CCP database (http://www.fluxnet-canada.ca/). Missing flux and
meteorological data were filled using the gap-filling method of Chen
et al. (2009b). The input land surface parameters hm and hc were
taken from the literature as shown in Table 1 and z0 is approximated
as 10% of hc (Raupach, 1994).

The EC flux community has recognized that the EC technique often
underestimates nighttime net ecosystem exchange (NEE) during pe-
riods when turbulent mixing is insufficient (e.g. Black et al., 2000;
Goulden et al., 1996; Jarvis et al., 1997). For a practical solution, these
data obtained during calm, nocturnal periods are filtered using friction
velocity as an indicator by many research groups. Similarly, the periods
with low turbulence should be excluded in footprint calculation. The
determination of an adequate u*

th is crucial, however at present; there
is no commonly accepted method to determine the adequate u*

th. In
the literature, researchers often find the u*

th by visually examining the
scatter plot of nighttime fluxes versus u*: the threshold is located
where the flux begins to level off as u* increases. Because the EC fluxes
measured during nighttime often appear to be rather noisy in the NEE
versus u* scatter plot, it is common that no clear patterns can be recog-
nized visually (Gu et al., 2005). Even when there are easily identifiable
patterns, the selection of u*

th depends on the operator's subjectivity. To
overcome such problems, different alternative heuristic methods have
been proposed to automatically determine the appropriate u*

th (Gu et
al., 2005; Reichstein et al., 2003, 2005), but the uncertainty of the deter-
mination of u*

th is still considerable. There is no basis to think that u*
th is

constant over time. It may well depend on leaf area distribution, stem
density, canopy height, as well asmeteorological conditions and terrain
characteristics. Consequently, employing a single u*

th all the time may
also introduce biases (Papale et al., 2006). For all the 12 CCP flux
tower sites, however, the u*

th value is determined by each tower opera-
tor and treated as a constant over time.

There is a need to minimize methodological uncertainties intro-
duced by the different u* threshold selection procedures for the
purpose of site intercomparisons. To determine the time-varying u*

th

for footprint calculation using the SEAF-F model, we applied a stan-
dardized method proposed by Papale et al. (2006) to all the 12 CCP
sites. Briefly, the annual raw dataset was first divided into four sea-
sons (January–March, April–June, July–September and October–
December) and the each season's dataset was further split into six
temperature classes with equal sample size: the threshold for each
temperature class was only accepted if u* is not or only weakly corre-
lated with temperature (|r|b0.4), and the final threshold for each sea-
son was defined as the median of the thresholds of the (up to) six
temperature classes. The standardized time-varying u*

th values
which were used in the SEAF-F model for individual CCP sites are dif-
ferent from those time-constant values determined by the tower op-
erators (Table 1).

The model was run at half-hourly time steps at a grid size of
30×30m (consistent with the Landsat spatial resolution) covering
the domain area (6×6km) centered on the towers. The half-hourly
footprint PDFs were rotated along the wind direction and then accu-
mulated to yield monthly, seasonal or annual values, of the footprint
climatology.

The cumulative percentage footprint was calculated by: (i) sorting
the footprint climatology in a descending order; and (ii) accumulat-
ing its value from the largest to the smallest. The detailed description

743B. Chen et al. / Remote Sensing of Environment 124 (2012) 742–755



Author's personal copy

of the footprint model and the footprint climatology calculations are
given in Chen et al. (2009a, 2011).

2.3. Land cover classification and analysis

Land cover for Canada's forested landmass was derived from Landsat
data, jointly by the Canadian Forest Service and the Canadian Space Agen-
cy (Wulder et al., 2003). The methodology involved the unsupervised
classification, hyperclustering, and manual labeling of Landsat data, facil-
itating the classification of land cover types (Franklin and Wulder, 2002;
Slaymaker et al., 1996; Wulder et al., 2003).

In the Earth Observation for Sustainable Development of forest
(EOSD) product, 23 unique land cover classes (Table 2) were repre-
sented and mapped at a spatial resolution of 25m representing circa
year 2000 conditions (Wulder et al., 2008). The accuracy of the
EOSD product was reported to be 77%, approaching a target accuracy
of 80%, with a 90% confidence interval of 74–80% (see Wulder et al.,
2007). EOSD land cover products were acquired at each of the ten
available sites with a 6×6km area centered at individual tower loca-
tion downloaded from the EOSD data portal (http://www4.saforah.
org/eosdlcp/nts_prov.html) and were then resampled to 30m resolu-
tion using a nearest neighbor approach. The Landsat land cover data
for two of the twelve sites (ON-WPP39 and AB-GRS) are not available
from EOSD since they are considered to be outside of the forested area
of Canada.

For characterization of the CCP EC tower sites, the 23 land cover
classes of EOSD products were aggregated into 8 broad vegetation
functional types (Table 2).

We used histogram and frequency distribution analyses to repre-
sent the heterogeneity of land cover within the flux footprint area.

2.4. Analysis of Landsat images

Landsat imagery data acquired in 2006, or as close as possible,
were acquired at each of the twelve sites with a 6×6km area cen-
tered at individual tower locations downloaded from the U.S. Geolog-
ical Survey (http://glovis.usgs.gov/). The scene path and row and the
acquisition dates are shown in Table 3.

The Landsat imagery was georeferenced and atmospherically
corrected using the cosine approximation model (COST) of Wu et al.
(2005) and radiometrically normalized following Hall et al. (1991)
for the inter-site comparison. The spectral index (NDVI) was then cal-
culated following Tucker (1979) and Field et al. (1995) to describe
the land surface heterogeneity.

2.5. Semivariogram

The semivariogram is commonly used in geostatistical remote-
sensing applications (e.g., Atkinson, 1997; Atkinson and Lewis,
2000; Berberoglu et al., 2000, 2007; Curran, 1988; Curran and

Fig. 1. Locations of flux sites of the Canadian Carbon Program (CCP) and eco-region distributions of Canada's landmass. For description of flux sites, see Table 1.
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Atkinson, 1998; Şen, 1998; Sertel et al., 2007; Song and Woodcock,
2002; Woodcock et al., 1988). A semivariogram provides a concise
and unbiased description of the scale and pattern of spatial variability
and can be applied to spatial variability and autocorrelation in a re-
gion provided that the stationarity hypothesis is valid (Curran,
1988; Şen, 1998; Sertel et al., 2007). In this study, we used the semi-
variogram to estimate the spatial variation properties of vegetation,
such as heterogeneity intensity, over the flux tower footprint area
using a spectral index.

Considering a transect running across a remotely sensed vegetation
index (z) image, the relation between any pair of pixels with h intervals
apart (the lag distance) can be given by the squared difference between
them. Therefore, the semivariance γ (h) for paired pixels at distance h
apart (z (x) and z (x+h)), is defined following Curran (1988) as:

γ hð Þ ¼ 1
2
E z xð Þ−z xþ hð Þf g2
h i

ð1Þ

where E is the mathematical expectation operator and x is the pixel
location.

The experimental (or sample) semivariogram for the p (h) paired
observations is estimated along a transect where p (h) pairs of

Table 1
List of abbreviations, site characteristics and tower measurement information for the CCP sites a.

Vegetation
function
typeb

Site IDc Eco-region Latitude
(°N)

Longitude
(°W)

LAI
(m2m−2)

Te
(year)

hm
(m)

hc
(m)

u
(ms−1)

u
*
th(EC)

(ms−1)
u
*
th(FP)

μ±σ
(ms−1)

He

(m)
References

CBF MB-NOBS Boreal shield 55.87956 98.48084 4.1 1845 29 9.1 3.3 0.25 0.25±0.06 259 Dunn et al. (2007)
and Turner et al.
(2003)

QC-EOBS Boreal shield 49.69247 74.34204 3.7 1898 24 13.8 2.6 0.25 0.23±0.07 387 Richardson et al. (2006)
SK-OJP Boreal plains 53.91634 104.69203 3.4 1929 29 13.7 3.0 0.35 0.36±0.09 579 Barr et al. (2006)
SK-SOBS Boreal plains 53.98717 105.11779 5.6 1879 25 13.7 3.3 0.35 0.33±0.10 629 Barr et al. (2006)

CMF NB-OBF Atlantic
maritime

46.47388 67.09937 8.4 1967 18.5 14 2.9 0.40 0.42±0.08 341 Xing et al. (2007)

CTF BC-DF49 Pacific maritime 49.86883 125.33508 6.1 1949 43 33 1.8 0.30 0.28±0.07 320 Chen et al. (2009b)
ON-WPP39 Mixed wood

plains
42.71222 80.3572 8.0 1939 28 21.8 2.4 0.35 0.33±0.10 184 Arain and Restrepo-Coupe

(2005) and Peichl
et al. (2010)

DBF SK-OA Boreal plains 53.62889 106.19779 3.8 1919 39 21 3.2 0.35 0.34±0.09 601 Barr et al. (2006)
GRL AB-GRS Prairies 49.70919 112.94025 0.88 – 6 0.365 4.6 0.25 0.26±0.10 951 Flanagan and Johnson

(2005), Flanagan et al.
(2002), Flanagan
(2009) and
Richardson et al.
(2006)

MBF ON-OMW Boreal shield 48.21738 82.15553 3.0 1930 43.3 31.0 3.6 0.30 0.29±0.09 341 McCaughey et al. (2006)
WL AB-WPL Boreal plains 54.95384 112.46698 2.6 1958c 9 Tree: 3 2.0 0.15 0.20±0.04 626 Syed et al. (2006)

ON-EPL Mixed wood
plains

45.40940 75.51870 1.4 – 3.0 Shrub:
0.25

2.3 0.10 0.09±0.05 70 Admiral and Lafleur
(2007) and Peichl et al.
(2010)

a LAI, Te, hm, hc, u*
th, u and He are leaf area index, established time, EC sensor height, canopy height, annual mean wind speed, friction velocity (u

*
) threshold, and elevation above

sea level, respectively. Values of hm, hc, u*
th and u are for 2006; u

*
th(EC) was determined by each tower operator (principal investigator) for EC flux calculation and was time-constant;

u
*
th(FP) was standardized threshold for footprint (FP) calculation and was time-varying; and μ±σ presents annual mean ±1standard deviation.
b Vegetation types: CBF— Coniferous boreal forest, CMF— Coniferous maritime forest, CTF— Coniferous temperate forest, DBF— Deciduous boreal forest, GRL— Grassland, MBF—

Mixed wood boreal forest, WL — Wetland.
c Site names: First two letters indicate the province (MB —Manitoba, QC— Quebec, SK— Saskatchewan, NB — New Brunswick, BC— British Columbia, ON — Ontario, AB — Alberta);

NOBS—NorthernOld Black Spruce, EOBS— EasternOld Black Spruce, OJP—Old Jack Pine, SOBS— SouthernOld Black Spruce, OBF—Old BalsamFir, DF49—Douglasfir (established 1949),
WPP39— White Pine Plantation (established 1939), OA — Old Aspen, GRS — grassland, OMW — Old mixed wood, WPL — Western peatland, EPL — Eastern peat land.

Table 2
Land cover classes of EOSD and aggregation schemes.

Site IDa Vegetation
function
typeb

Aggregated
8 types

EOSD classification
scheme:
23 classes

MB-NOBS; QC-EOBS;
SK-OJP; SK-SOBS;
NB-OBF; BC-DF49;
ON-WPP39

CBF, CMF,
CTF

Coniferous
forest

Coniferous — dense;
coniferous — open;
coniferous — sparse

SK-OA DBF Broadleaf
forest

Broadleaf — dense;
broadleaf — open;
broadleaf — sparse

ON-OMW MBF Mixed
forest

Mixed wood — dense;
mixed wood — open;
mixed wood — sparse

AB-GRS GRL Grassland/
cropland

Herb (grasses, crops, forbs,
and gramminoids)

AB-WPL;
AB-WPL

WL Wetland Wetland — treed; wetland
— shrub; wetland — herb

n/a n/a Shrub land Shrub — tall; shrub — low
n/a n/a Water Water
n/a n/a Others Bryoids; exposed land;

rock/rubble; snow/ice;
shadow; cloud; no data

a See Table 1 for description of abbreviation of site name.
b See Table 1 for description of abbreviation of vegetation function type.

Table 3
Acquired Landsat imagery information for CCP sites used in this study.

Vegetation typea Site codea Satellite Dataset Path Row Acquisition date

CBF MB-NOBS Landsat7 ETM+ 034 021 2006/09/06
QC-EOBS Landsat5 TM 016 025 2002/08/28
SK-OJP Landsat7 ETM+ 037 022 2006/08/26
SK-SOBS Landsat7 ETM+ 037 022 2006/08/26

CMF NB-OBF Landsat7 ETM+ 010 028 2005/08/26
CTF BC-DF49 Landsat5 TM 049 025 2000/06/26

ON-WPP39 Landsat5 TM 018 030 1999/09/03
DBF SK-OA Landsat5 TM 038 023 2001/08/03
GRL AB-GRS Landsat7 ETM+ 041 025 2006/07/21
MBF ON-OMW Landsat5 TM 020 027 2002/09/09
WL AB-WPL Landsat5 TM 042 022 2001/08/15

ON-EPL Landsat7 ETM+ 015 029 2005/09/14

a See Table 1 for description of abbreviation of site name.
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observations separated by the same lag h, {z(xi),z(xi+h)},i=
1,2,…,p(h),

γ̂ hð Þ ¼ 1
2p hð Þ

Xp hð Þ

i¼1

z xið Þ−z xi þ hð Þf g2 ð2Þ

For remotely sensed imagery the lag (h) in Eq. (2) ismeasured in units
of one side of a pixel (Berberoglu et al., 2007). The quantity γ̂ hð Þ is an es-
timate of the semivariance ofγ (h) and is a usefulmeasure of dissimilarity
between spatially separate pixels and spatial patterns: the larger is the
semivariance and the less similar are the pixels (Curran, 1988;
Goovaerts, 1999; Sertel et al., 2007). The shape of the semivariogram re-
flects the spatial structure (Kim et al., 2006). A spherical model was
used to fit the computed semivariogram and to estimate the coefficients
of the model in this study. These parameters, such as lag, sill, range, and
nugget, which are used to characterize the spatial variation properties,
are illustrated in Fig. 2. In a typical semivariogram (Fig. 2), the semi-
variance values gradually increase with increasing lags and this dimin-
ishes with distance and levels off at a certain point. This distance at
which the asymptote is reached is known as the range, signifying the ex-
tent of heterogeneity, atwhich spatial autocorrelation betweendata point
pairs ceases, and beyond which data are stochastically independent
(Ettenma & Wardle, 2002). The plateau of the semivariance estimates at
the range value is the sill, which is ameasure of total population variance,
or absolute amount of heterogeneity (e.g. Cohen et al., 1990). The
non-zero intercept of the semivariance curvewith the y-axis is thenugget,
indicating the non-spatial variation due to sampling error (Adams et al.,
2008).

Twenty-four transects (with a 15° interval) were selected over the
90% annual footprint climatology area in 2006 for each of the individ-
ual sites. The NDVI of each 30-m pixel was used to calculate a semi-
variogram for each transect. An omnidirectional semivariogram was
then estimated as the average of all directional transects.

2.6. Window size analysis

A simple window size analysis is also applied to assessing the
landscape spatial homogeneity surrounding the individual towers at
different scales based on NDVI coverage. The averaged values of veg-
etation index λ̂ (i.e. NDVI) within a window (rectangle) of varying
window size centered at the EC tower was plotted against the win-
dow width to see the variations of homogeneity with increasing spa-
tial scales. The calculations were implemented by increasing the
window size with distance (Δr=30m, 1pixel) from tower location
pixel. The serial of window widths are 30m, (1+i)×30m,…,
2970m, where i=2, 4, …,98.

3. Results

3.1. Footprint climatology

Fig. 3 shows the annual cumulative footprint climatology contours
(50%, 80%, 90% and 99%) overlying the NDVI map at each study site.
The NDVI variation illustrates the land surface heterogeneity within
the footprint climatology area. For most sites, the annual footprint cli-
matology was distributed asymmetrically around the tower. The annual
footprint climatology area exponentially increased with increasing cu-
mulative footprint percentage for all sites (Chen et al., 2011). The areas
of 50%, 80%, 90% and 99% annual footprint climatology for the 12 sites
are shown in Fig. 4. The sizes and orientations of annual footprint clima-
tology were significantly different among the sites (Figs. 3 and 4). The
annual footprint sizes of the two wetland sites (AB-WPL and ON-PEL)
and the prairie land site (AB-GRS) were much smaller than those of
the forested sites (Figs. 3 and 4) with the 90% annual footprint climatol-
ogy less than 2.0km2. The areas of 90% annual footprint climatology for
the nine forested land sites varied from 2.55 (NB-OBF) to 5.04km2

(SK-SOBS).

3.2. Land cover

Fig. 5 shows land cover maps overlain by the annual cumulative
footprint climatology contours (50%, 80%, 90% and 99%) and Fig. 6
shows the frequency distribution of land cover types in the areas of
50%, 80%, 90% and 99% annual footprint climatologies for the 10
data-available sites using the land cover scheme (8 classes). Table 4
shows the percentages of the targeted vegetation functional type (dom-
inant land cover type) using both land cover classification schemes
(EOSD 23 types and aggregated 8 types) in the 50%, 80%, 90% and 99%
annual footprint climatology areas and the circular areas centered at in-
dividual towers with radius of 1, 2, and 3km. The percentage of EC
tower observed target land cover using EOSD 23-type classification is
much higher than using the aggregated 8-type classification for all
sites (Table 4 and Fig. 6). The percentile of the dominant land cover
type in the footprint climatology areas decreasedwith increasing cumu-
lative footprint percentage andwith increasing circular area's radius for
most sites. A large decrease was found at one wetland site (AB-WPL),
where the percentage dominant land cover of wetland-treed (23-type
classification) or wetland (8-type classification) respectively decreased
from 66% or 90% at 50% of annual footprint climatology to about 44% or
67 at 99% of annual footprint climatology (Fig. 6, Table 4). In terms of
land cover distributions in the 99% footprint climatology area, the
most homogeneous site was the BC-DF49 where the dominant land
cover of coniferous forest accounted for about 95% of the annual foot-
print climatology area; whereas the two most heterogeneous sites
were the SK-OA andON-EPL sites. At the SK-OA site, the observed target
land cover (broadleaf-dense forest in the EOSD 32-type classification
scheme or broadleaf forest in the aggregated 8-type classification
scheme) were about 30% or 40% respectively (Table 4). Mixed wood
and coniferous forest accounted for about 30%–40% and around 20% in
the 50% to 99% footprint climatology areas, respectively (Fig. 6). The
old aspen stand at this site was about 87years old in 2006 and showed
a recessional trend. Errors in identification of broadleaf from mixed
wood in the EOSD land cover products,whichwas derived from Landsat
imagery, would also cause underestimating the percentage of observed
target land cover of broadleaf forest. At the ON-EPL site, the areas of
both wetland herb and wetland shrub accounted for about 30%–25%
of the 50% to 99% annual footprint climatology areas (Table 4, Fig. 6).
The target land cover of the ON-EPL tower is wetland and the combined
wetland herb and shrub land cover accounted for about 60%–50% of the
50% to 99% annual footprint climatology areas. Overall, the percentage
of the target vegetation functional type using the aggregated land
cover classification scheme (Table 2) observed by the tower was higher
than 60% for most CCP sites (Table 4, Fig. 6).

sill (c)

nugget (c0)

(c0+c)

range (a0)

lag (h)

γ (h)
y

x

Fig. 2. Coefficients of a typical semivariogram model. The x axis shows the scale of var-
iation, while the y axis shows the amount of variation.
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3.3. Semivariograms

Fig. 7 shows an omnidirectional semivariogram of NDVI of 90% an-
nual footprint area for individual sites. The semivariogram shape of
NDVI was different among these 12 sites, reflecting different spatial
structure in the 90% annual footprint climatology area. The directional
semivariograms of NDVI obtained along transects of 0–180°, 45–225°,
90–270° and 135–315° are shown in Fig. 8, for instance, to examine
the dependency of the semivariogram on the direction. Most of the
sites presented somewhat anisotropic characteristics of NDVI in the
90% annual footprint climatology area. The large land surface anisotropy
siteswere found to beAB-GRS, ON-OMW, SK-OJP andQC-EOBS. In addi-
tion, NB-OBF showed a typical semivariogram along the 135–315° tran-
sect, inwhich the semivariance curve droppedwith increasing lags after
reaching its summit (Fig. 8d). It is interesting that NDVI along the 135–
315° transect presented higher heterogeneity than other directions for
most sites. For instance, at the QC-EOBS site, the 135–315° transect
crossed a lake to the northwest from the tower and wetland to the
southeast from the tower (Fig. 5); at SK-OJP site the transect crossed
wetland to the northwest from the tower (Fig. 5); at ON-OMW site,
there is a river located along NE–SW to the west of the tower and
most land cover types and other land surface characteristics distribute

along this direction (Fig. 5), so it is easy to understand why the degree
of NDVI heterogeneity derived from semivariogram along the 135–
315° transect was higher than other directions.

The degree of heterogeneity (as measured by sill) of the flux foot-
print area differed among sites (Fig. 9). High sill values (high heteroge-
neity) were found at NB-OBF, ON-OMW and SK-OJP, while low sill
values (less heterogeneity) were at BC-DF49, AB-WPL and ON-EPL
(Fig. 9c). The spatial dependence can be measured by range. The conif-
erous boreal forest sites had comparatively high values of range
(>500m) whereas the two wetland sites and BC-DF49 had low values
of range (b200m) in the 50% through 99% footprint climatology areas
(Fig. 9b), indicating the former had coarse spatial variability than the
latter. The NDVI semivariograms for the sites did not pass through the
origin and have nugget effects (Figs. 7–8), resulting from short-range
spatial variation within pixels rather than between them (Atkinson,
1997; Sertel et al., 2007). Overall, the forest sites had relatively larger
nugget values than the grassland and wetland sites (Fig. 9a), suggesting
that the former had higher fine-scale spatial variability. For all sites, the
degree of heterogeneity and the short-scale spatial variation increased
with increasing size of the footprint climatology (Fig. 9a, c). The coarse
spatial variation increased with increasing the size of the footprint cli-
matology for most sites while three coniferous boreal forest sites

Fig. 3. NDVI (Normalized Difference Vegetation Index) maps at a 30-m resolution for each area (6×6km) centered at individual CCP towers. The scene path and row and the ac-
quisition dates are shown in Table 3. The contours from inner to outer are the 50%, 80%, 90% and 99% annual cumulative footprint climatology, respectively. For description of ab-
breviation of vegetation type and site name, see Table 1.
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(QC-EOBS, SK-OJP and SK-SOBS) showed high coarse spatial variation
(high range value) in the 50% footprint climatology area (Fig. 9b).

3.4. Window size analysis

The representativeness of a specific flux tower location on the
NDVI map can be assessed using a window size analysis (Fig. 10).
The highest and lowest NDVI values were found at the SK-OA site
and the MB-NOBS site with an average of 0.88 and 0.51, respectively.
For most sites, the averaged NDVI value varied within a small range
(b5%) with increasing window width up to 3km, reflecting good rep-
resentativeness of EC measurements across the CCP network. Excep-
tions include the following three sites: SK-OJP, ON-EPL and NB-OBF.
For the SK-OJP site, the average NDVI increased from 0.55 to 0.65 at
the window width of 0 to 1.3km, and then remained constant with
the window width from 1.3 up to 3km (Fig. 10); whereas for the
ON-EPL, the average NDVI decreased from 0.65 to 0.55 at the window
width of 0 to 1.6km, and remained constant with the window width
from 1.6 up to 3km (Fig. 10). The largest variation in average NDVI
with varying window size was found at the NB-OBF site, reflecting
higher heterogeneity, consistent with the high sill value (Figs. 7 and
9c). For the NB-OBF site, the average NDVI rapidly increased to 0.83
at the window width of 0.15km, was steady at this value to the win-
dowwidth of 0.4km decreased to 0.72 at the windowwidth of 1.1km,
and then gradually increased up to the window width of 3km. This
drop of NDVI for the window width of 0.4 to 1.1km is likely due to
a lake southwest of the tower at this distance (Fig. 6, panel CMF:
NB-OBF).

Fig. 10 indicates that the tower flux measurements at most of the
CCP sites adequately represent NDVI over the 90% cumulative annual
footprint climatology area. Caution should be paid to interpret/assess
the tower measured fluxes at the three sites (NB-OBF, SK-OJP and
ON-EPL) because at these sites, the measured fluxes are somewhat
dependent on the wind direction and the footprint size. The results
of the semivariogram and window size analysis suggest that the com-
bination of these two techniques can be effectively used either to as-
sess the pre-existing flux tower's spatial representativeness or to
address scaling issue or to perform a priori optimization of an initial
tower location. Moreover, directional analysis of semivariogram and
window size for different wind sectors provides insightful informa-
tion on tower sensor location bias in conjunction with the flux foot-
print climatology and wind climatology analysis.

4. Discussion

4.1. Limitations and uncertainties

Land surface characteristics, such as the type and density of vegeta-
tion cover, varies across a range of scales from a fewmillimeters to hun-
dreds of kilometers (Anderson et al., 2003; Chehbouni et al., 2000;
Mahrt et al., 2001), exert a critical control on the turbulent exchange
of mass and energy at the land–atmosphere interface (Caparrini et al.,
2004; Pielke et al., 1998; Weaver et al., 2002; Wilson & Baldocchi,
2000). Surface spatial heterogeneity has a strong impact on the ob-
served surface fluxes (Kim et al., 2006; Yates et al., 2003), so an accurate
representation of surface characteristics over an EC flux tower footprint
area is important for understanding the measured land–atmosphere

Fig. 4. Footprint areas of 50%, 80%, 90% and 99% annual footprint climatology for the twelve CCP sites in 2006. For description of abbreviation of vegetation type and site name, see
Table 1.
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Fig. 5. Land cover maps of the ten data-available CCP sites at a 30-m resolution for each area (6×6km) centered at individual CCP sites. The contours from inner to outer are the 50%,
80%, 90% and 99% annual cumulative footprint climatology, respectively. For description of abbreviation of vegetation type and site name, see Table 1.
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exchange processes (Alfieri, 2009; Kalma et al., 2001). Reliable footprint
climatologies in conjunctionwith detailed land cover classification, and
remotely sensed vegetation indices can be used to fully characterize the
spatial variation of heterogeneous landscapes and to assess the quality
of the annual and long-term EC flux measurements.

The semivariogram andwindow size analysis based solely on Landsat
data provides important information on the structure, amount and extent
of spatial heterogeneity of land surface vegetation surrounding the flux
tower. The results of semivariogram andwindow size analysis are consis-
tent with sensor location bias (SLB) estimates based on footprint model-
ing (Chen et al., 2011) and are helpful for understanding the latter results.
The combination of footprint modeling, semivariogram and window size
techniques, together with remotely-sensed image data (land cover prod-
ucts and vegetation indices) at a fine-resolution (e.g. 30m at this study or
less), is a pragmatic approach for assessing the spatial representativeness
flux tower measurements.

Errors in land cover and vegetation indices and biases in footprint cli-
matology estimates will lead to uncertainty in EC flux tower's spatial rep-
resentativeness assessment. The SAFE-F footprint model used in this
study applies to most conditions of atmospheric stability using a station-
ary gradient diffusion formulation with height-independent crosswind

dispersion. Model comparison showed that the overall biases of SAFE-F
are within 5% of other state-of-the-art footprint models (Chen et al.,
2011). It is important to keep in mind that land surface heterogeneity
(e.g. trees, shrubs) and other topographic elements influence the wind
flow, e.g. creating internal boundary layers (Stull, 1988). The applied anal-
ysis footprint model (e.g. SAFE-F) is unable to account for such effects,
thus the spatial representativeness assessments are subject to footprint
model uncertainty.

The ECflux footprint climatologywas also found to significantly vary
with the different flux components (Chen et al., 2009a). In order to con-
firm their findings and compare the differences in SLB estimation be-
tween using different indices, Chen et al. (2011) used both NDVI and
enhanced vegetation index (EVI) as surrogates of land surface source
strength and found that the difference in estimated SBL between NDVI
and EVI for most CCP sites was not significant with exception of
ON-OMW and SK-OJP (Chen et al., 2011). In this sense, using NDVI as
a flux surrogate in this study is only a first-order estimate because of
its limitations, such as under saturation condition, it is not sensitive to
changes in green biomass amount and variations in vegetation func-
tions. In addition, given large seasonal variations of carbon and water
fluxes and the single satellite image (one image for the whole year in

Fig. 6. Frequency distribution of land cover types for the ten data-available CCP sites in the areas of 50%, 80%, 90% and 99% annual footprint climatologies. For description of abbre-
viation of vegetation type and site name, see Table 1.
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this study), the uncertainty in the land surface spatial characterization is
worth considering. Landsat imagery at a 30-m spatial resolution is well
suited for characterizing landscape-level forest structure and is ideal for
characterizing flux tower's spatial representativeness. Its 16-day
revisit-cycle, is however, generally lengthened by frequent cloud con-
tamination and other poor atmospheric conditions (Ju & Roy, 2007).
At the CCP sites, for instance, there are a very limited number of scenes

available in, or close to, 2006, which is ultimately insufficient for study-
ing the seasonality of vegetation dynamics. The imagery data used in
this study was acquired for each site during the growing season across
a range of years (1999–2006; Table 3). Kim et al. (2006) undertook a
footprint analysis based on single remotely-sensed image-derived
NDVI over an extended period by assuming that seasonal variation in
NDVI affected all areas within the 6×6km domain proportionally,
with a similar phenological development for individual sites. Similarly,
we can easily extend the assumption that the relative variability in ob-
served NDVI does not change across years. As a result, we deemed this
appropriates as the analysis was focused on the annual relative variabil-
ity of NDVI. Under these assumptions we believe our analysis using the
available NDVI data (Table 3) is useful.

4.2. Implications

Proliferation of the FLUXNET database (www.fluxdata.org) offers
unprecedented opportunities to study the dynamics of the terrestrial
carbon and water cycles. However, this compilation does not provide
spatially and temporally explicit maps of biosphere–atmosphere fluxes
(Jung et al., 2009), but only the irregular distributed data points. In
order to upscale the EC based land surface fluxes to large regions either
using models or remote sensing measurements (e.g. Earth observation
data), it is first necessary to correctly describe the surface heterogeneity
over the flux tower footprint area. Satellite-borne remote sensing offers
opportunities to parameterize vegetation characteristics of large spatial
extent on variable spatial and temporal resolutions (Chen et al., 2009a).
The remotely sensed data with variable spatial and temporal resolu-
tions, however, require appropriatemethods for upscaling and interfac-
ing ECmeasurements to satellite observations (Drolet et al., 2005, 2008;
Hall et al., 2008). The EC flux tower's footprint generally varies
depending on wind speed, wind direction and atmospheric stability
(Chen et al., 2009a); whereas the remotely sensed imagery data have
fixed footprint (image pixel size) at different resolutions. The EC flux

Table 4
Percentages of observed dominant land cover type in a reference footprint area: 50%, 80%, 90% and 99% annual footprint climatology areas and the circular areas centered at each
tower location with radius of 1, 2, and 3km.

Vegetation type IDa Site IDb Overstory vegetation species Observed dominant land cover typec Reference land surface area

Footprint climatology area of Circular area centered
at individual towers
with radius of

50% 80% 90% 99% 1km 2km 3km

CBF MB-NOBS Picea mariana Coniferous — open 45.55 43.11 42.42 41.66 45.89 38.56 32.14
Coniferous forest 80.10 71.06 68.69 64.14 74.53 56.23 46.47

QC-EOBS Picea mariana Coniferous — open 48.47 44.52 44.33 43.54 44.94 47.60 47.79
Coniferous forest 69.88 65.36 67.86 67.82 66.87 69.92 69.12

SK-OJP Pinus banksiana Coniferous — open 54.62 45.68 48.46 50.60 49.61 45.55 40.57
Coniferous forest 87.43 82.83 83.53 81.97 86.69 72.82 62.28

SK-SOBS Picea mariana Coniferous — open 41.08 38.70 36.12 32.71 38.86 30.28 25.73
Coniferous forest 66.62 59.13 57.74 54.23 66.30 54.72 50.44

CMF NB-OBF Abies balsamea Coniferous — open 41.90 34.87 31.79 28.41 27.74 36.28 37.12
Coniferous forest 52.94 43.65 40.13 37.10 36.76 45.68 47.21

CTF BC-DF49 Pseudotsuga Coniferous — open 96.32 95.57 94.09 90.24 94.53 83.81 79.39
menziesii Coniferous forest 98.05 96.88 96.14 94.85 96.37 90.86 88.72

ON-WPP39 Pinus strobus L. – – – – – – – –

DBF SK-OA Populus tremuloides Broadleaf — dense 29.00 29.07 29.33 29.90 33.97 30.41 24.00
Broadleaf forest 40.56 38.26 37.83 38.11 43.96 39.20 34.00

GRL AB-GRS – – – – – – – –

MBF ON-OMW Populus tremuloides, Picea mariana,
Picea glauca,Betula papyrifera

Mixed wood — dense 61.90 63.75 63.06 58.59 62.66 51.69 51.07

Abies balsamea Mixed wood forest 66.47 65.86 65.07 61.47 64.62 55.51 54.57
WL AB-WPL Larix laricina, Picea mariana Wetland — treed 66.49 51.70 46.25 44.11 52.09 41.98 30.23

Wetland 90.57 79.08 72.19 67.28 59.55 47.72 34.68
ON-EPL – Wetland — herb 26.41 23.43 24.34 23.65 25.27 17.45 12.81

Wetland 59.95 52.25 48.78 46.77 45.84 31.86 24.34

a See Table 1 for description of abbreviation of site name.
b See Table 1 for description of abbreviation of vegetation function type.
c Land cover classes of EOSD (23 types) and aggregation schemes (8 types, bold fonts), see Table 2 for detail.

Fig. 7. Omnidirectional semivariogram of NDVI over the 90% annual footprint climatol-
ogy area for individual CCP sites. For description of abbreviation of vegetation type and
site name, see Table 1.
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tower's footprint generally does not match the satellite pixel size (Chen
et al., 2009a). Jung et al. (2008) employed measures of similarity be-
tween the 1×1km and 3×3km FAPAR (fraction of absorbed photosyn-
thetic active radiation) time series at the sites to assess the degree of
local landscape heterogeneity and found that large heterogeneity
makes it likely that the smaller footprint of the flux tower is not repre-
sentative for the area sampled by the satellite pixels (i.e. the scale mis-
match between the tower and satellite footprint), and such sites should
not be included in extrapolation. Jung et al. (2009) further concluded
that the distinction between inter- and extrapolation can be more
fuzzy without the information on flux tower's spatial representative-
ness to determine what controls structural similarity. Yang et al.
(2007) used statistical and machine learning methods to extrapolate
tower-based GPP (gross primary productivity) to a regional to conti-
nental scale for the U.S.A. by simply choosing a 7×7km region as the
spatial representativeness for each flux site. The authors noticed that
such an implication ignored land surface heterogeneity over the EC
flux footprint area and at the landscape scale could lead to inadequate
representation of the nonlinearity of vegetation photosynthesis and
respiration processes, and consequently their up-scaled results are like-
ly to be somewhat in error. The findings in this study and by others
(Chen et al., 2009a, 2011; Jung et al., 2009; Yang et al., 2007) suggested
that ignoring land surface heterogeneity in the EC flux footprint area at
the landscape scale could lead to inadequate representation of the non-
linearity of vegetation photosynthesis and respiration processes, and
consequently the up-scaled results are likely to be in error.

4.3. Applications and future directions

Most of the FLUXNET sites are operated in more or less homoge-
neous environments (Barcza et al., 2009). Small-scale heterogeneity
causes problems in ecosystem-scale EC measurements and they are
considered as SLB (Chen et al., 2011). There are also a few EC flux
towers that are located in regions with strongly heterogeneous land
cover (Barcza et al., 2009). In cases of complex land cover spatial

heterogeneity which leads to no dominant vegetation functional
type, those data cannot be appropriately interpreted and attributed
to plant functional types (Soegaard et al., 2003). Those data should
be screened out in up-scaling approaches. Vegetation functional
type specific data selection can be performed in the future with the
synergy of footprint climatology analysis and a vegetation functional
type map. Based on the presented approach, one may set up a criteri-
on, such as the percentage of the dominant vegetation functional type
observed by the EC tower in the 90% footprint climatology area, to
screen the FLUXNET data. For instance, the percentage can be 50%
or 60% according to the research objective or expected accuracy of
up-scaled regional or global land surface fluxes (carbon, water or
heat). We may obtain more detailed information on spatial represen-
tativeness of EC flux tower measurements by using semivariogram
and window size techniques, together with remotely-sensed imagery
data. Using selected vegetation functional types specific EC data with
their quantitative representativeness information, it will be possible
to inverse/derive biome (vegetation functional type) specific param-
eters for light-use-efficiency models or processed-based biogeochem-
ical models (e.g. Chen et al., 2007a, b) using data-model assimilation
techniques. Furthermore, with this information, the global available
FLUXNET dataset may be used for the calibration and validation of
remotely-sensed products such as the net photosynthesis product of
the MODIS sensor (MOD17, Running et al., 1999).

The complexity and large computation demand of some footprint
models restricts their practical applicability to global EC database. This is
only feasible/applicable if the model is somewhat simplified, e.g. SAFE-F,
which is based on an approximate analytical solution of the diffusion–
advection equation. The SAFE-F model is suitable for global application.

In addition, to keep the overall site evaluation approach practical
and widely applicable, the remotely sensed data sources have to be
commercially available and low-cost, and must provide suitable spatial
and spectral characteristics. As shown in this study, thus, the
multi-spectral satellite data of Landsat (ETMand ETM+) at a 30-m spa-
tial resolution are adequate to global FLUXNET application.

Fig. 8. Directional semivariograms of NDVI over the 90% annual footprint climatology area. For description of abbreviation of vegetation type and site name, see Table 1.
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Fig. 9. Omnidirectional semivariogram parameters of NDVI over the areas of 50%, 80%, 90% and 99% annual footprint climatologies and the circular areas centered at individual
towers with radius of 1, 2, and 3km. For description of abbreviation of vegetation type and site name, see Table 1.

Fig. 10. The window-averaged NDVI of varying size with the tower location at the center of the window. Vertical lines show the window width (d) matching the 90% annual foot-
print climatology area (A90), where d ¼

ffiffiffiffiffiffiffiffi
A90

p
. For description of abbreviation of vegetation type and site name, see Table 1.
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5. Conclusions

The spatial representativeness of the main 12 CCP flux towers was
evaluated by examining the spatial structure of the detailed land cover
classification and remotely sensed vegetation indices at 30-m resolution
over the modeled footprint areas. The following conclusions are drawn:

(i) The percentage of the target vegetation type observed by the
EC tower in the 50% to 99% footprint climatology areas was
higher than 60% for most CCP sites (Table 4). In terms of land
cover distributions in the 99% footprint climatology area, the
most homogeneous site was the BC-DF49 where the dominant
land cover of coniferous forest accounted for about 95% of the
annual footprint climatology area; whereas the two most het-
erogeneous were the SK-OA and ON-EPL sites.

(ii) Most of the CCP sites presented somewhat anisotropically distrib-
uted patterns of NDVIwithin the 90% annual footprint climatology
area. The sites with the greatest anisotropy were found to be
AB-GRS, ON-OMW, SK-OJP and QC-EOBS. The degree of land sur-
face heterogeneity over flux footprint area differed among the
sites: NB-OBF, ON-OMW and SK-OJP had comparatively high het-
erogeneity density while BC-DF49, AB-WPL and ON-EPL had com-
paratively low heterogeneity density. The coniferous boreal forest
sites had higher coarse spatial variability than the twowetland and
one coniferous temperate forest site (BC-DF49). Overall, the forest
sites had larger fine-scale spatial variation than the grassland and
wetland sites.

(iii) The presented approach for evaluating the spatial representa-
tiveness of the CCP flux network could be applied to the global
network of EC towers (FLUXNET). If the spatial representative-
ness of the FLUXNET towers are evaluated using a remote sens-
ing approach with the synergy of footprint climatology analysis
and vegetation functional typemap at 30-m resolution, and the
land surface heterogeneity is explicitly taken into account
using semivariogram and remotely-sensed imagery data, the
estimations of regional and global fluxes will be improved.
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