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a b s t r a c t
The eddy covariance technique provides long-term continuous monitoring of site-speciﬁc net ecosystem
exchange of CO2 (NEE) across a large range of forest types. However, these NEE estimates only represent
ﬂuxes at the scale of the tower footprint and need to be scaled up to quantify NEE over regions or continents. In the present study, we expanded a method developed previously and generated a new NEE model
exclusively based on the Moderate Resolution Imaging Spectroradiometer (MODIS) products, including
enhanced vegetation index (EVI), land surface water index (LSWI), land surface temperature (LST) and
Terra nighttime LST . This method, in our previous research, provided substantially good predictions of
NEE and well reﬂected the seasonal dynamics of the deciduous broadleaf forest at the Harvard forest site.
Studying NEE of forests in the middle-latitude regions of the Northern Hemisphere is signiﬁcant because
it may help to understand the ‘missing carbon sink’ from terrestrial ecosystems. In this study we selected
eight eddy ﬂux sites to represent the major forest ecosystems in the northern United States. Compared
with the model based on a single site, we also established the general models that apply to evergreen
needleleaf forest (ENF) and deciduous broadleaf forest (DBF), respectively. The results showed that our
simpler model based entirely on MODIS products promised well to estimate NEE by the eddy covariance
technique. The modeled annual mean NEE from DBF deviated from the measured NEE by 44.4%, whereas
the modeled NEE from ENF was extremely close to the measured NEE within 5.5%. In the end, we also
validated both general models for ENF and DBF using independent ﬂux sites. It demonstrated this method
performed well for estimating NEE.
© 2012 Elsevier B.V. All rights reserved.

1. Introduction
Effects by forest ecosystem play a signiﬁcant role in the global
carbon cycle and help to mitigate atmospheric increases due to
fossil fuel emissions (Schimel, 1995; Schimel et al., 2001; Alley
et al., 2007). Net ecosystem carbon exchange (NEE), the balance
between photosynthetic uptake and release of carbon dioxide
by respiration from autotrophs and heterotrophs, represents the
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carbon sequestration between terrestrial ecosystems and the
atmosphere during a given period. An accurate estimation of
the spatial patterns and temporal dynamics of NEE in terrestrial
ecosystems at the regional and global scale is of great interest to
human society and is necessary for understanding the carbon cycle
of the terrestrial biosphere (Xiao et al., 2010, 2011).
The temperate forests of the Northern Hemisphere have been
identiﬁed as an important sink for storing atmospheric CO2 with
annual uptake values ranging between 70 and 870 g C m−2 year−1
(Baldocchi et al., 2001; Law et al., 2002). Despite the consensus
that the middle-latitude regions of the Northern Hemisphere are
presently functioning as a carbon sink, the size and distribution of
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the sink still remain uncertain (Pacala et al., 2001; Soccr, 2007). Traditionally, inventory studies of biomass and soil carbon are used to
quantify NEE of an ecosystem over a speciﬁc period (Clark et al.,
2001; Baldocchi, 2003). In recent years, with the development of
the eddy covariance technique, which offers an alternative way to
assess the ecosystem carbon exchange continuously and steadily
for a long term, it has become possible to evaluate the carbon balance and its seasonal and annual variation of terrestrial ecosystems
more precisely (Baldocchi, 2003). Furthermore, the carbon budgets
and the effects of environmental controls for many forest types
across the continent have also been quantiﬁed by this technique
(Powell et al., 2006).
However, these NEE estimates only represent ﬂuxes at the
tower footprint scale, with longitudinal dimensions ranging from
a hundred meters to several kilometers relying on homogeneous
vegetation and fetch (Göckede et al., 2008). To quantify the net
exchange of CO2 over regions or continents, ﬂux tower measurements from distributed points need to be scaled up to spatially
continuous estimates (Xiao et al., 2010, 2011). Remotely sensed
data from sensors such as MODIS are useful for monitoring the
carbon ﬂux, because reﬂectance can be converted into biophysically meaningful descriptors of the land surface (Yuan et al., 2006).
Therefore, new approaches are critically needed to extend the role
of ﬁeld plots to capture regional variation and to bridge a major gap
between ﬁeld and satellite observations (Gregory et al., 2010). Earlier studies have shown good performance for integration of ﬂux
data with MODIS (Wylie et al., 2007; Yamaji et al., 2008; Xiao et al.,
2010, 2011). Despite these efforts, most studies are still restricted to
a speciﬁc biome, gross primary productivity (GPP), or single location like our own previous research on the deciduous broadleaf
forest at the Harvard forest site (Wu et al., 2010; Tang et al., 2011).
Our objective is to develop a new method solely based on MODIS
data for quantifying the spatial patterns and temporal changes in
NEE of terrestrial ecosystems at large spatial scales. In previous
research, we presented a model that provided good predictions
of NEE and well reﬂected the seasonal dynamics of a deciduous
broadleaf forest. Expanding on that work, here we encompassed
the major forest types in the northern United States. We address
the following questions:
(1) Can an approach that was developed at one site for deciduous,
broadleaved forest be applied to other forest ecosystems?
(2) Based on multiple representative forest sites and the individual research, for each forest type, can we establish the general
models that apply to evergreen needleleaf forest and deciduous
broadleaf forest, respectively?
2. Materials and methods
2.1. Study sites description and distribution
The AmeriFlux network coordinates regional analysis of observations from eddy covariance ﬂux towers across North America,
Central America, and South America. This region covers a wide
range of vegetation types including forests, shrublands, savannas,
grasslands, and croplands. In the present study, we selected eight
ﬂux sites (conifer forest, 4; broadleaf forest, 4) to represent the
major forest ecosystems in the northern United States (Fig. 1).
Table 1 provides general information including site name, climate,
stand age, vegetation characteristic, years of data available, and
references for each ﬂux site.
The four evergreen needleleaf forest sites represent considerable variation in location, climate, stand age, and species
composition. The Blodgett forest (BF) is a young ponderosa pine
forest in the Sierra Nevada Mountains of the western USA with

moderate winters and relatively dry summers. The Niwot Ridge forest (NRF) is a subalpine temperate coniferous forest in the Rocky
Mountains, with extreme winters and somewhat wetter summers
than Blodgett. The Howland forest (HF) is located in a borealnorthern hardwood transition forest approximately 50 km north of
Bangor, ME, USA. Forest composition is dominated by the conifers,
red spruce (Picea rubens Sarg., 44% of basal area) and eastern hemlock (Tsuga canadensis (L.) Carriere, 26%) with lesser quantities of
other conifers (21%) and hardwoods (primarily red maple, Acer
rubrum L., and paper birch, Betula papyrifera Marsh., totaling 8%
of basal area). The Metolius Intermediate Pine site (Me2) is located
in the semi-arid region of Central Oregon. The local climate is typical of warm dry summers and cool wet winters. Most precipitation
falls between October and June, accounting for approximately 97%
of annual rainfall. The overstory is almost exclusively composed
of ponderosa pine trees (Pinus ponderosa Doug. Ex P. Laws) with a
few scattered incense cedars (Calocedrus decurrens (Torr.) Florin).
The understory is sparse and primarily composed of bitterbrush
(Purshia tridentate (Push) DC) and Manzanita (Arctostaphylos patula Greene). The four deciduous forest sites are characteristic of the
eastern deciduous forests of North America, and represent a range
of annual temperature regimes. The Morgan Monroe State forest
(MMS) in Indiana is the warmest site and the Willow Creek (WC)
in Wisconsin is the coldest (Cook et al., 2004). The Harvard tower
is located in a mixed temperate forest, approximately 110 km west
of Boston, MA, USA. Forest composition is dominated by deciduous species, including red oak (Quercus rubra L.; 36% of basal area)
and red maple (22%), with lesser quantities of other hardwoods,
including black oak (Quercus velutina Lam.), white oak (Quercus alba
L.), and yellow birch (Betula alleghaniensis Britton) covering 14% of
basal area. The University of Michigan Biological Station (UMBS)
site is located within a protected forest owned by the University of
Michigan. Bigtooth aspen (Populus grandidentata Michx.) and trembling aspen (Populus tremuloides Michx.) dominate within a 1 km
radius of the eddy-covariance tower, but with signiﬁcant representation by red oak, beech (Fagus grandifolia Ehrh.), sugar maple,
white pine, and hemlock as well. The understory is dominated by
bracken fern (Pteridium aquilinum L.) and saplings of red maple,
red oak, beech, and white pine. All deciduous forest sites experience high amounts of summer rainfall (typically between 225 and
300 mm). Among the eight AmeriFlux sites, Me2 and UMBS are used
as the independent sites to validate the developed general models for evergreen needleleaf forest and deciduous broadleaf forest,
respectively.
2.2. MODIS products and processing
Optical remote sensing systems measure the surface reﬂectance,
the fraction of solar energy that is reﬂected by the earth’s surface.
For a given wavelength, different vegetation types may have different reﬂectance. The reﬂectance also depends on wavelength region,
biophysical properties (e.g., biomass, leaf area, and stand age), soil
moisture and sun-sensor geometry. Therefore, reﬂectance values
from MODIS can provide useful information for NEE estimation.
This temperature and greenness (TG) model includes two vegetation indices as input data: EVI and LSWI. EVI directly adjusts the
reﬂectance in the red band as a function of reﬂectance in the blue
band, accounting for residual atmospheric contamination, variable
soil and canopy background reﬂectance. Huete et al. (2002) have
developed a global EVI product from MODIS data for the period
2000 to present, deﬁned as
EVI = 2.5

nir − red
nir + (6red − 7.5blue ) + 1

(1)

where nir , red , and blue are the spectral reﬂectance in MODIS
bands 2, 1 and 3, respectively.
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Fig. 1. Location and spatial distribution of the AmeriFlux sites used in the present study. The base map is derived from AVHRR 1 km land-cover map. Symbols indicate the
location of the sites. The full site names are as follows: BF, Blodgett forest; HF, Howland forest; NRF, Niwot Ridge forest; MMS, Morgan Monroe State forest; HFEM, Harvard
forest site; WC, Willow Creek; Me2, Metolius Intermediate Pine; UMBS, University of Michigan Biological Station.

As the shortwave infrared (SWIR) spectral band is sensitive to
vegetation water content and soil moisture, a combination of NIR
and SWIR bands have been used to derive water-sensitive vegetation indices (Ceccato et al., 2002). Gao (1996) developed the LSWI
from satellite data to measure vegetation liquid water:
LSWI =

nir − swir
nir + swir

(2)

where swir is the reﬂectance in MODIS band 6. LSWI was shown
to strongly correlate with leaf water content (equivalent water
thickness, g H2 O m−2 ) (Jackson et al., 2004) and soil moisture overtime (Fensholt and Sandholt, 2003). The other explanatory variable
is LST. The LST derived from MODIS is a measure of the surface
temperature. A few studies have demonstrated that the satellitederived LST was strongly correlated with ecosystem respiration
(Re ) as both autotrophic and heterotrophic respirations are significantly affected by air/surface temperature (Rahman et al., 2005;
Sims et al., 2008; Schubert et al., 2010).
Therefore, we selected EVI, LSWI and LST (including Terra
daytime LST and Terra nighttime LST ) as the explanatory variables for NEE estimation. All these variables were derived from
MODIS data, which also avoided the complications and difﬁculties associated with merging disparate data sources. The 8-day
Land Surface Reﬂectance (MOD09A1, with resolution of 500 m)
and LST data (MOD11A2, with resolution of 1 km) were obtained
from the 7 km × 7 km subsets of MODIS products available at the
Oak Ridge National Laboratory’s Distributed Active Archive Center
web site (http://www.modis.ornl.gov/modis/index.cfm). The version of MODIS data is collection 5. Average values for the central
3 km × 3 km area were extracted within the 7 km × 7 km cutouts
to better represent the ﬂux tower footprint (Rahman et al., 2005).

The reﬂectance values of these four spectral bands – blue, red, near
infrared (841–875 nm), and shortwave infrared (1628–1652 nm) in
2001–2004 were used to calculate EVI and LSWI. At each time step,
we averaged the values of each variable using the pixels with good
quality within the area to represent the values at the ﬂux site. If
none of the values within the 3 km × 3 km area was of good quality,
we treated the period as missing (Schubert et al., 2010).
2.3. Eddy covariance data
Measurements of CO2 exchange between the vegetation and
atmosphere for each site were made with the eddy covariance technique. This direct, long-term measurement of carbon ﬂuxes offers
the possibility to assess the carbon sequestration rates of forests
and of different land-uses on a local scale. This technique can also
provide a better understanding of the vulnerability of the carbon
balance of ecosystems to climate variability, and can be used to
validate ecosystem models, as well as to provide data for land surface exchange schemes in global models (Valentini et al., 2000).
This is the ﬂux that provides a measure of NEE, and if annually
summed, provides a direct estimate of the annual ecosystem carbon balance excluding disturbances by harvest and ﬁre that give
rise to net biome productivity (Schulze and Heimann, 1998).
We used four-year eddy covariance measurements of NEE
made at each site (http://public.ornl.gov/ameriﬂux/) (Table 1).
Site-speciﬁc procedures, including quality control, ﬂux corrections
and data editing, are described elsewhere (Hollinger et al., 2004;
Urbanski et al., 2007). The Level 4 product consists of two types
of NEE data, including standardized (NEE st) and original (NEE or)
NEE (AmeriFlux 2007). NEE st was calculated using CO2 ﬂux estimated by the eddy covariance method, which includes summation
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Table 1
Characteristics of the AmeriFlux tower sites used in the present study.
Name

Temperature (◦ C)

Precipitation (mm)

BF

11.9

1416

1315

20

HF

6.1

990

60

110

NRF

1.5

692

3050

100

MMS

10.8

1094

275

70

HFEM

6.5

1000

340

80

WC

4.1

815

515

55–90

Me2

7.6

540

1253

90

UMBS

6.2

750

234

80

Elevation (m)

Stand age (yr)

Vegetation structure

Vegetation type

Years

References

Mixed evergreen
coniferous forest
dominated by ponderosa
pine
Boreal-northern hardwood
transitional forest
consisting of
hemlock–spruce–ﬁr,
aspen–birch, and
hemlock–hardwood
mixtures
Subalpine coniferous forest
dominated by subalpine,
Engelmann spruce, and
pine
Mixed hardwood
deciduous forest
dominated by sugar maple,
tulip poplar, sassafras, and
oaks
Temperate deciduous
forest dominated by red
oak, red maple, black birch,
and white pine
Temperate/boreal forest
dominated by white ash,
sugar maple, basswood,
green ask, and red oak
The surrounding overstory
is dominantly ponderosa
pine with scare incense
cedar.
Arboreal composition of
the forest consists of
mid-aged northern
hardwoods, conifer
understory, aspen, and old
growth hemlock

Evergreen needleleaf
forest

2001–2004

Goldstein et al.
(2000)

Evergreen needleleaf
forest

2001–2004

Hollinger et al.
(2004)

Evergreen needleleaf
forest

2001–2004

Monson et al.
(2002)

Deciduous broadleaf
forest

2001–2004

Schmid et al.
(2000)

Deciduous broadleaf
forest

2001–2004

Urbanski et al.
(2007)

Deciduous broadleaf
forest

2001–2004

Desai et al.
(2005)

Evergreen needleleaf
forest

2004

Thomas et al.
(2009)

Deciduous broadleaf
forest

2004

Curtis et al.
(2002)

BF, Blodgett forest; HF, Howland forest; NRF, Niwot Ridge forest; MMS, Morgan Monroe State forest; HFEM, Harvard forest site; WC, Willow Creek; Me2, Metolius Intermediate
Pine; UMBS, University of Michigan Biological Station. Among the eight AmeriFlux sites, Me2 and UMBS are the independent sites for validation.

with CO2 storage in the canopy air space that was obtained from
the discrete approach (single point on the top of the tower) for
all the sites, whereas NEE or was calculated using the storage
obtained from within canopy CO2 proﬁle measurements in relatively tall forest canopies or from the discrete approach. The
average data coverage during a year is only 65% due to system
failures or data rejection, and therefore robust and consistent gap
ﬁlling methods are required for data set completion (Falge et al.,
2001).
Both NEE st and NEE or were ﬁlled using the Marginal Distribution Sampling (MDS) method and the Artiﬁcial Neural Network
(ANN) method. The ANN method is generally, if only slightly, superior to the MDS method (Papale and Valentini, 2003; Reichstein
et al., 2005). Therefore, we used the gap-ﬁlled NEE data based on the
ANN method. For each site, if the percentage of the remaining missing values for NEE st was lower than that for NEE or, we selected
NEE st; otherwise, we used NEE or. In this product, negative sign
denotes carbon uptake, and positive sign denotes carbon release
(Xiao et al., 2011).
The Level 4 product consists of NEE data with four different time
steps, including half-hourly, daily, weekly (8-day), and monthly.
We used weekly NEE data (g C m−2 day−1 ) to match the composting
intervals of MODIS products. Moreover, the average NEE over such a
period was shown to largely reduce micrometeorological sampling
errors, with the remaining spatial variability representing variation
in ecosystem attributes (Oren et al., 2006; Wang et al., 2010), here
accounted for by data from MODIS.

3. Results and discussion
3.1. Model development
The development of our predictive model has been fully
described by Tang et al. (2011). Here, we brieﬂy summarize the
approach. We developed a predictive NEE model by integrating the
site-speciﬁc MODIS products and AmeriFlux data. The explanatory
variables included EVI, daytime and nighttime LST, and LSWI; the
target variable was NEE. We split the site-level data set into a training set (2001–2003) and a validation set (2004). After analyzing the
Pearson correlation coefﬁcients between these parameters and the
observed NEE (Table 2), we used multiple linear regression method
to select the model with the maximum coefﬁcient of determination
(R2 ) and the minimum root mean square error (RMSE) to estimate
NEE (Table 3). Based on multiple representative forest sites and the
individual research, for each forest type, we also tried to establish
the general models that apply to evergreen needleleaf forest and
deciduous broadleaf forest, respectively.
3.2. NEE assessment by the temperature and greenness (TG)
model
The TG model was run at 8-day time scale using the site-speciﬁc
data of EVI, daytime and nighttime LST , and LSWI to predict NEE for
each ﬂux site or forest type, as shown in Table 3. The model performance was then evaluated using scatter plots (Fig. 2) of predicted
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Table 2
Correlation coefﬁcients between NEE of each eddy covariance ﬂux site or forest type and the corresponding MODIS products.a

EVI
LST
LST
LSWI

BF

HF

NRF

MMS

HFEM

WC

ENF

DBF

−0.028
−0.642
−0.578
0.615

−0.457
−0.703
−0.626
0.533

0.06
−0.644
−0.635
0.714

−0.923
−0.579
−0.715
−0.842

−0.911
−0.663
−0.751
−0.484

−0.916
−0.626
−0.693
−0.463

−0.288
−0.692
−0.637
0.561

−0.877
−0.597
−0.68
−0.57

a
All MODIS products including EVI, LST, LST and LSWI are the average values for the 3 km × 3 km area centered on the tower. The full names of the abbreviations are given
in Table 1. ENF and DBF refer to evergreen needleleaf forest and deciduous broadleaf forest, respectively.

versus measured NEE and the seasonal variations (Fig. 3) between
them in 2004.
For the evergreen needleleaf forest sites, generally the predicted
NEE by the TG model captured the broad trends of NEE from the
ﬂux site. They also showed a good agreement as regards seasonal
dynamics (Figs. 2 and 3). However, this model signiﬁcantly underestimated the photosynthetic activity by 1–1.5 g C m−2 day−1 in the
summertime. The scatter plots showed that the residuals were not
randomly distributed. In absolute magnitude, low NEE values were
generally in accordance with low prediction errors, whereas high
NEE values were greatly underestimated. This suggests that the
uncertainties of carbon ﬂux measurements are directly proportional to the magnitude of the ﬂuxes. The general model of the three
sites predicted NEE well with R2 of 0.670 and RMSE of 0.603. Fig. 3
also showed that the model could not capture exceptionally high
NEE values representing large carbon uptake. Particularly for some
sites, such as the Blodgett forest (BF) and the Niwot Ridge forest
(NRF), generally the predicted NEE varied more smoothly than the
measured NEE.
The TG model provided better estimates of NEE for the deciduous broadleaf forest sites than for the conifer forest. Figs. 2 and 3
indicated that predicted NEE agreed reasonably well with observed
NEE and captured most features of 8-day variability throughout the
period of 2004. The validation points of estimated and measured
NEE are distributed closely around the 1:1 line and the Pearson
correlation coefﬁcients of all the three deciduous forest sites were
larger than 0.93. This result was very encouraging. However, when
the relationship between measured and predicted NEE by the general model of the deciduous-dominated forest was examined, we
found it overestimated NEE in most weekly periods (Fig. 2, DBF
and Fig. 4, DBF). In the meantime, this model underestimated the
carbon uptake in the peak growing season greatly as the same as
evergreen needleleaf forest sites.
We averaged the estimated and measured 8-day NEE for each
ﬂux site and examined the relationship between them across the
major forest types (Fig. 4). The TG model predicted NEE well at
the site level. Overall, in absolute magnitude, the model underestimated NEE except that for the Willow Creek (WC) which was
slightly larger than the observed. However, all the sites showed as

carbon sinks on an annual mean basis. Among the three conifer
forests, the young Blodgett forest (BF) site sequestered the most
CO2 and the cold Niwot Ridge forest (NRF) sequestered the least.
All the deciduous broadleaf forest sites absorbed CO2 strongly. On
the whole, the trend of the uncertainty of annual mean carbon estimation is as follows: HF > NRF > HFEM > BF > MMS > WC (Fig. 4). In
addition, the general model predicted NEE at the biome level well
except that large overestimation of annual mean carbon uptake and
fairly constant underestimation of NEE during summer months for
the deciduous broadleaf forest (DBF), the assessment of evergreen
needleleaf forest (ENF) was rather coincident with measured NEE.
The percentage deviations of the agreement between modeled and
measured NEE for DBF and ENF were 44.4 and 5.5%, respectively.
3.3. Independent validation of the general models
To validate the effectiveness and applicability of the developed general models for evergreen needleleaf forest and deciduous
broadleaf forest, we also introduced Me2 and UMBS as independent sites. The model performance was evaluated using the scatter
plots of predicted versus measured NEE and the seasonal variations
between them in 2004.
As shown in Fig. 5, for Me2, the general model of evergreen
needleleaf forest promised well to estimate NEE and captured the
broad trend of seasonal dynamics. Like other conifer forest sites, it
overestimated carbon uptake in the earlier and later period of 2004,
and also underestimated carbon sequestration in the summertime.
However, as a whole, the general model assessed the annual mean
NEE well, with the percentage of deviation being 21.7%. The general model of deciduous broadleaf forest provided better estimates
of NEE for UMBS than for Me2 except exceptionally high NEE values representing large carbon uptake (Fig. 6). Overall, most scatter
points of NEE were distributed around the 1:1 line and captured the
broad trends throughout the whole year. The Pearson correlation
coefﬁcients of UMBS reached up to 0.88.
Our present study demonstrated that MODIS data have
great potential for scaling up plot-level NEE data to regional scales
across a variety of forest ecosystems. Owing to the transient carbon
pools and associated heterotrophic respiration that are difﬁcult to

Table 3
Establishment of the best temperature and greenness (TG) model or general model (GM) for NEE estimation of each site or forest type.a
Site/forest type

Fitting function

R2

RMSE

BF

NEE = 7.708 − 0.132 × LST + 1.107 × LST − 3.655 × EVI + 1.765 × LSWI

0.449

1.165



HF

NEE = 9.777 − 0.113 × LST + 0.077 × LST − 1.301 × EVI + 2.618 × LSWI

0.554

0.911

NRF

NEE = 1.275 − 0.029 × LST + 0.02 × LST +3.328 × LSWI

0.523

0.695



MMS

NEE = −2.73 + 0.076 × LST − 0.053 × LST − 13.239 × EVI + 0.475 × LSWI

0.863

1.101

HFEM

NEE = 20.886 + 0.039 × LST − 0.091 × LST − 15.792 × EVI − 3.737 × LSWI

0.851

1.348

WC

NEE = 5.632 + 0.05 × LST − 0.058 × LST − 12.624 × EVI − 2.909 × LSWI

0.877

1.198



ENF

NEE = 12.471 − 0.089 × LST + 0.045 × LST − 3.325 × EVI + 1.934 × LSWI

0.525

0.991

DBF

NEE = 5.743 + 0.043 × LST − 0.049 × LST − 12.713 × EVI − 1.071 × LSWI

0.795

1.432

a

The full names of each ﬂux site or forest type are given in Tables 1 and 2.
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Fig. 2. Relationship between measured NEE and predicted NEE by the corresponding TG model or the general model (GM) for each ﬂux site or forest type. The abbreviations
of AmeriFlux sites or forest types are given in Table 1.

estimate, the determination of NEE is much more complicated than
that of GPP (Running et al., 2004; Xiao et al., 2005; Li et al., 2007;
Mahadevan et al., 2008). The performance of our general model
for NEE estimation is encouraging given the diversity in climate,
stand age, and community composition among the forest types.

3.4. Analysis of uncertainties
Despite the encouraging performance of our predictive model
in estimating NEE and capturing the corresponding dynamics patterns of the major forest ecosystems in the northern United States,
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Fig. 3. Seasonal traces of measured and predicted 8-day NEE by the TG model or the general model (GM) for each ﬂux site. For x-axis, the data refer to week of year (WOY)
ranging from 1 to 46.

these NEE estimates still contain signiﬁcant uncertainties and it is
a long way from reliably estimating NEE.
There are several sources of uncertainty associated with the ﬂux
estimates: uncertainties in eddy ﬂux measurements, uncertainties in input data, model structural uncertainty, and uncertainties
arising from the representativeness of the limited AmeriFlux sites.
The carbon ﬂux measurements derived from the eddy ﬂux towers
contain signiﬁcant uncertainties (Richardson et al., 2008), and the
gap-ﬁlling techniques used to ﬁll the data gaps introduced additional uncertainties of ±25 g C m−2 year−1 (Moffat et al., 2007).
In this present study, we only selected EVI, LSWI and LST (including Terra daytime LST and Terra nighttime LST ) as the explanatory
variables to estimate NEE. However, the factors controlling CO2
exchange were complicated and these explanatory variables could

Fig. 4. Annual mean of measured and predicted NEE for each ﬂux site or forest type
in 2004. The unit is g C m−2 day−1 . The temporal coverage of NEE data is provided in
Fig. 2.

not sufﬁciently account for NEE. NEE is the balance of canopy photosynthesis (GEE) and ecosystem respiration (Re ). GEE is controlled by
canopy development as well as nutrient status, light, temperature,
ambient humidity, CO2 concentration, and soil moisture (Ruimy
et al., 1996; Zhang et al., 2009). Re includes contributions from
autotrophs (vegetation) and heterotrophs (free living and fauna in
the soil and symbiotic microorganisms) (Bowden et al., 1993; Ryan
and Law, 2005; Zhou et al., 2010). Field studies of Re have identiﬁed
temperature, soil moisture, nutrient availability, stocks of living
and dead biomass, ecosystem productivity, and seasonal carbon
allocation as controlling factors (Boone et al., 1998; Wang et al.,
2010). Thus, the use of subsets of these factors to drive functions
that predict carbon ﬂuxes, which is typical for the TG model, may
limit the precision of estimation. We can also see that the importance of each inﬂuencing factor correlated with NEE varies greatly
with forest types (Table 2). Due to the leaves of evergreen needleleaf
forest are green around the whole year, EVI contributes least to NEE
than the other remotely sensed variables. In addition, the inability
of our model to account for transient carbon pools could introduce
uncertainties to the NEE estimates. Thus, in future research, additional explanatory variables should be selected to better account for
live and dead vegetation carbon pools, as well as other factors that
inﬂuence the decomposition of woody detritus and soil respiration
(Xiao et al., 2010; Zhu et al., 2010).
The representativeness of the limited AmeriFlux forest sites
also presumably affected the estimates of carbon ﬂuxes and the
general applicability of our predictive model. The magnitude of net
ecosystem productivity of an ecosystem depends on vegetation
type, stand age, physical environment, latitude, and regional
climate (Buchmann and Schulze, 1999; Valentini et al., 2000).
Although in this study we selected eight ﬂux sites to represent the
major forest ecosystems that included most of the available sites in
the network, some geographical regions, community composition,
and different forest ages (young, middle aged and mature) of the
same forest ecosystem are still underrepresented, which affect
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Fig. 5. Independent validation of the general model (GM) of evergreen needleleaf forest (ENF) – the scatter plots (left) and the seasonal dynamic (right) of measured and
predicted NEE by the general model (GM) for Me2. WOY refers to week of year ranging from 1 to 46.

Fig. 6. Independent validation of the general model (GM) of deciduous broadleaf forest (DBF) – the scatter plots (left) and the seasonal dynamic (right) of measured and
predicted NEE by the general model (GM) for UMBS. WOY refers to week of year ranging from 1 to 46.

the universality of the general models. Moreover, the ﬂux sites of
mixed broadleaf–conifer forest are very scarce. Thus, the current
AmeriFlux network should be augmented by establishing more
sites across a full range of forest types.

alternative, independent, and novel approach for estimating the
net ecosystem carbon exchange of the major forest ecosystems in
the northern United States.
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