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[1] Quantifying carbon fluxes at large spatial scales has attracted considerable scientific
attentions. In this study, a novel approach was proposed to estimate the terrestrial ecosystem
gross primary production (GPP) using imagery from the satellite-borne Moderate Resolution
Imaging Spectroradiometer (MODIS) sensor. The new model (named Temperature and
Greenness Rectangle, TGR) uses a combination of MODIS Enhanced Vegetation Index
and Land Surface Temperature products as well as in situ measurement of photosynthetically
active radiation to estimate GPP at a 16 day interval. Three major advantages are included
in the model: (1) the model follows strictly the logic of the light use efficiency model and
each parameter has physical meaning; (2) the model reduces the dependency on ground-based
meteorological measurements; and (3) the overlap of information in correlated explanatory
variables is avoided. The model was calibrated with data from 17 sites within the
Ameriflux network and validated at another 13 sites, covering a wide range of climates
and eight major vegetation types. Results show that the TGR model explains reasonably
well the tower-based measurements of GPP for all vegetation types, except for the
evergreen broadleaf forest, with the coefficient of determination in a range from
0.67 to 0.91 and the root mean square error from 9.0 to 31.9 g C/m2/16 days.
Comparisons with other two models (the TG and GR model) show that the
TGR model generally gives better GPP estimates in nearly all vegetation
types, especially under dry climate conditions. These results indicate that
the TGR model can be potentially used to estimate GPP at regional scale.
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1. Introduction

[2] Gross primary production (GPP), defined as the
overall photosynthetic fixation of carbon per unit space and
time [Monteith, 1972], plays a key role in understanding
the carbon balance between the biosphere and the
atmosphere [Zhang et al., 2012]. Therefore, quantification
of GPP becomes a major topic in global change studies
[Beer et al., 2010; Damm et al., 2010]. Since in situ observa-
tions (e.g., those from eddy covariance towers) of GPP
are often limited by temporal and spatial factors, various
modeling approaches have been proposed to quantify GPP
over larger geographic areas and longer periods, particularly
with remote sensing data [Hilker et al., 2008; Sims et al.,
2008; Wu et al., 2010a; Xiao et al., 2010; Xiao et al., 2004].

[3] Many of these remote sensing GPPmodels are developed
from the light use efficiency (LUE) model proposed by
Monteith [1972], in which GPP is expressed as

GPP ¼ LUE� fAPAR � PAR (1)

where LUE is the light use efficiency, often in the unit of g C/
mol photosynthetic photon flux density (g C/mol PPFD).
fAPAR represents the fraction of photosynthetically active
radiation (PAR) absorbed by canopy.
[4] One representative of such models is the MODIS (Mod-

erate Resolution Imaging Spectroradiometer) GPP algorithm
proposed by Running et al. [2004] (MOD17, 8 day composite
at 1 km spatial resolution). In the MODIS GPP algorithm,
LUE in equation (1) is expressed as the maximum LUE
(LUEmax) multiplied by two scaling factors representing influ-
ences from air temperature and vapor pressure deficit (VPD).
Similar logic is also used in the vegetation photosynthesis
model (VPM) by Xiao et al. [2004]. However, many studies
questioned the MODIS GPP algorithm in that its required
meteorological inputs are often not available at sufficiently
detailed temporal and spatial scales [Sims et al., 2008; Wu
et al., 2010a; Yuan et al., 2007]. The Data Assimilation Office
(DAO) meteorological reanalysis data used in MOD17 are
only available at 1� latitude� 1.25� longitude [Heinsch
et al., 2006]. Moreover, it should be noticed that there
exists strong interdependency between the two scaling factors
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(i.e., temperature and VPD) in most ecosystems. For example,
a higher air temperature always associates with a larger mid-
day vapor pressure deficit [Sims et al., 2008], and this situation
often occurs in the vegetation growing period.
[5] To avoid uncertainties aroused from the coarse resolu-

tion of meteorological data, efforts have been made to
develop GPP models potentially independent of climate vari-
ables and ground observations. Rahman et al. [2005] showed
a strong linear relationship between MODIS Enhanced Vege-
tation Index (EVI,Huete et al. [2002]) and ecosystemGPP at a
16 day interval in 10 Ameriflux sites. Sims et al. [2006]
reported that a simple regression model using MODIS EVI
solely could provide GPP estimates at least as good asMODIS
GPP algorithm for North American forest during photosyn-
thetic active periods. Later, this model was modified to incor-
porate MODIS land surface temperature (LST) to account for
the influence of temperature and water stress on GPP, referred
to as the Temperature and Greenness (TG) model [Sims et al.,
2008]. The TG model was successfully applied to estimate 16
day GPP for evergreen needleleaf and deciduous broadleaf
forests in North America [Sims et al., 2008]. Similar attempts
were also made inGitelson et al. [2006], who suggested using
chlorophyll vegetation index (VIchl) and PAR to estimate GPP
in crops (referred to as the Greenness and Radiation (GR)
model hereafter). Wu et al. [2011] evaluated the GR model
over 15 North American flux sites and reported that the GR
model could provide good estimates of monthly GPP for both
deciduous forest sites and nonforest sites withmoderate results
for evergreen forest sites.Gitelson et al. [2012] and Peng et al.
[2013] suggested using the potential PAR instead of incident
PAR to estimate GPP in crops.
[6] Different from the MODIS GPP algorithm, the TG

model does not need ground meteorological measurement
and the GR model only requires in situ PAR observations.
However, the physical meaning of the model parameters is
not as clear as the MODIS GPP algorithm, which may
preclude their potential applications at larger spatial or
longer temporal scales [Wu et al., 2010b]. In the TG model,
the regression coefficient was found to be a function of
annual mean nighttime LST. However, it is still unclear
why these two variables are correlated. Similar problem also
exist in the GR model, in which the regression coefficient
was estimated as a function of the difference between the
maximum and minimum monthly EVI and the standard
deviation of mean monthly air temperature in Wu et al.
[2011]. In addition, similar to the MODIS GPP algorithm,
interdependency also exists between EVI and LST. Multipli-
cation of the influence from both variables, such as those in
the MODIS GPP algorithm and the TG model, the environ-
mental stresses on the ecosystem photosynthesis may be
overestimated.
[7] The objective of this study is to develop a new GPP

model based on MODIS data. Three main attributes are
aimed to achieve in the new model: (1) the model follows
strictly the logic of LUE model by Monteith [1972] and
model parameters should have physical meanings; (2) the
model should be less dependent on ground-based measure-
ments; (3) the information overlap in correlated explanatory
variables must be avoided. The new model is validated with
GPP measurements from eddy-covariance towers over a di-
verse range of bioclimates and also compared with the TG
and GR models.

2. Materials and Methods

2.1. Study Sites

[8] As shown in Table 1, 30 flux sites within the
Ameriflux network (http://ameriflux.ornl.gov/) were used
in this study to develop and validate the new algorithm.
These sites cover a wide range of climates and eight typical
vegetation types, including deciduous broadleaf forest
(DBF, 7 sites), evergreen broadleaf forest (EBF, 2 sites), ev-
ergreen needleleaf forest (ENF, 7 sites), mixed forest (MF, 3
sites), savanna (2 sites), shrubland (2 sites), grassland
(4 sites), and cropland (3 sites). Detailed descriptions and
the reference for each site are summarized in Table 1.
[9] The site level observations of CO2 exchange between

the vegetation and the atmosphere were made with eddy
covariance (EC) technique (refer to Table 1 for method ref-
erences). The EC data were downloaded directly from the
AmeriFlux website (http://ameriflux.ornl.gov/). For each
site, the Level 4 product was used in which a continuous re-
cord of half-hourly GPP was calculated during daylight
hours as net ecosystem exchange minus ecosystem respira-
tion and data gaps associated with equipment failures and
unsuitable micrometeorological conditions were filled
using the Artificial Neural Network method [Papale and
Valentini, 2003] and/or the Marginal Distribution Sam-
pling method [Reichstein et al., 2005]. The uncertainty of
EC GPP across sites is about 16%–17% [Desai et al.,
2008]. Site level PAR observations at 30 min interval were
acquired from the in situ meteorological measurements. A
continuous 16 day GPP and PAR data were summed to ob-
tain 16 day values.

2.2. MODIS Data Acquisition

[10] For each site, two MODIS land surface products were
used in this study. These data were provided by the Oak
Ridge National Laboratory’s Distributed Active Archive
Center (DAAC) (http://www.modis.ornl.gov/modis/). EVI
is obtained from the 16 day Terra MODIS vegetation index
product (MOD13Q1 [Solano et al., 2010], 250m), and LST
is acquired from the 8 day LST and emissivity product
(MOD11A2 [Wan, 2006], 1000m). The LST data were
averaged over two consecutive periods of these data in order
to conform to the 16 day MODIS EVI data. Only EVI data
with aerosol values listed as “low” and the “usefulness”
values greater than 8 (on a scale of 0–10) and LST data
marked as cloud free were used. Following Sims et al.
[2006] and Wu et al. [2012], all data were extracted from
3� 3 km area centered on the flux tower.

2.3. Developing a New GPP Algorithm

2.3.1. Algorithm
[11] To make the new algorithm physically meaningful, we

will strictly follow the logic by Monteith [1972]. By
rearranging equation (1), we can get

LUE� fAPAR ¼ GPP

PAR
¼ ’ (2)

where ’ is defined as the amount of carbon fixed in photosyn-
thesis at stand level per unit of incident PAR. This is different
from the classic definition of LUE, which is the amount of
carbon fixed per unit of absorbed PAR. However, these two
parameters are actually in good consistence (see section 4).
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[12] Once the value of parameters ’ is defined, GPP can
be calculated by multiplying ’ with PAR. PAR is about
40%–50% of shortwave solar radiation [Leigh, 1999], and
an average value of 45% is used in MODIS GPP algorithm
[Running et al., 2004]. To minimize uncertainties in PAR,
in situ measurement of PAR was used in this study at each
site. Following the idea of MODIS GPP algorithm, parameter
’ can be expressed as the maximum ’ (’max) multiplied by
some scaling factors to reduce ’ under unfavorable condi-
tions (e.g., high or low temperature, high VPD, or drought).
[13] Previous studies have shown that vegetation index

(such as EVI) is strongly correlated with both LUE
[Wu et al., 2012] and fAPAR [Xiao et al., 2004], and LUE
is mostly affected by temperature and water status variables
[Running et al., 2004; Xiao et al., 2004]. Previous studies
have also demonstrated that the MODIS LST product can
potentially be used as a measure of temperature [Sims
et al., 2008], VPD [Hashimoto et al., 2008], and surface soil
water status [Carlson, 2007] and thus may provide a
measure of drought stress. As a result, MODIS EVI and
LST were selected as the two variables in ’ estimation,

’ ¼ ’max � f EVI;LSTð Þ (3)

where f is the scaling factor of ’max and is a function of EVI
and LST.
[14] However, as discussed before, it is inappropriate to

simply multiply effects of these two variables as they are
physically interdependent. Figure 1 shows the relationship
between 16 day LST and EVI for seven deciduous broadleaf

forest (DBF) sites (Table 1). It is clear that the data clouds
can be classified into three zones. When LST is below a cer-
tain critical value, EVI keeps a relative constant small value
(zone A), which may reflect the winter or photosynthetically
inactive periods. When LST is greater than another higher crit-
ical value, EVI decreases with an increase of LST (zone C).
This may reflect the unfavorable high temperature, high
VPD, or drought conditions. In a range of moderate LST
(zone B), EVI and LST are positively correlated. Similar rela-
tionships of EVI and LST were observed for all vegetation

Figure 1. Relationship between EVI and 16 day mean LST
for the seven deciduous broadleaf forests.

Table 1. Descriptions of the Flux Sites in This Study Including Vegetation Type (Veg-Type), Site Identifier (Site ID), Latitude (Lat),
Longitude (Lon), Data Period, and References

Veg-Typea Site IDb Lat (�N) Lon (� W) Data Period References

DBF US_MMS* 39.323 �86.413 2001–2006 Dragoni et al. [2007]
US_MOz* 38.744 �92.200 2004–2007 Gu et al. [2007]
US_UMB* 45.560 �84.714 2005–2006 Curtis et al. [2002]
US_Ha1* 42.538 �72.172 2001–2005 Urbanski et al. [2007]
US_Bar** 44.065 �71.288 2004–2006 Jenkins et al. [2007]
US_Oho** 41.555 �83.844 2004–2005 Noormets et al. [2008]
US_WCr** 45.806 �90.080 2001–2003, 2005–2006 Cook et al. [2008]

EBF US_KS2* 28.609 �80.672 2001–2006 Dore et al. [2003]
US_SP3** 29.755 �86.16 2001–2004 Powell et al. [2008]

ENF US_Blo* 38.895 �120.633 2001–2005 Goldstein et al. [2000]
US_Ho1* 45.204 �68.740 2001–2004 Hollinger et al. [2004]
US_NR1* 40.033 �105.546 2001–2005, 2007 Monson et al. [2005]
US_Me5* 44.437 �121.567 2001–2002 Irvine et al. [2007]
US_Me2** 44.452 �121.557 2002, 2004–2007 Irvine et al. [2007]
US_Ho2** 45.209 �68.747 2001–2004 Hollinger et al. [2004]
CA_NS3** 55.912 �98.382 2001–2005 Goulden et al. [2006]

MF US_NC1* 35.812 �76.712 2005–2006 Noormets et al. [2010]
US_Syv** 46.242 �89.348 2001–2005 Desai et al. [2005]
US_LPH* 42.542 �72.185 2002–2005 Hadley et al. [2008]

Savanna US_Ton* 38.432 �120.966 2002–2007 Ma et al. [2007]
US_SRM** 31.821 �110.866 2004–2006 Scott et al. [2010]

Shrubland US_SO4* 33.38 �116.640 2004–2006 Luo et al. [2007]
CA_NS7** 56.636 �99.949 2002–2005 Goulden et al. [2006]

Grassland US_Aud* 31.591 �110.509 2003–2006 Meyers [2009a]
US_Var* 38.407 �120.951 2001–2007 Ma et al. [2007]
US_Wlr** 37.521 �96.855 2002–2004 Goulter et al. [2006]
US_FPe** 48.308 �105.102 2004–2006 Meyers [2009b]

Cropland US_Bo1* 40.006 �88.290 2002–2005 Hollinger et al. [2005]
US_Ne1* 41.165 �96.477 2002–2005 Verma et al. [2005]
US_Ne2** 41.165 �96.470 2002–2005 Verma et al. [2005]

aDBF: Deciduous Broadleaf Forest; EBF: Evergreen Broadleaf Forest; ENF: Evergreen Needleleaf Forest; MF: Mixed Forest.
bOne asterisk indicates sites used for model calibration. Two asterisks indicate sites used for model validation.
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types examined in this study except for the evergreen
needleleaf forests (Figure 2).
[15] To obtain the expression of f in equation (3) while

avoiding the problem of interdependency in the two explana-
tory variables, a rectangle space of EVI and LST is plotted in
Figure 3 to assist in determining f. It is assumed that this rectan-
gle space covers temporal and spatial distributions of any a spe-
cific type of ecosystem (e.g., DBF). There exists an optimal
point (i.e., condition) in this space where ’ defined in equation
(2) is at its maximum value for this ecosystem type. Point A
represents such a condition with maximum EVI (EVImax, de-
fined as the observed maximum EVI) and optimal LST
(LSTopt). With this assumption, at point A, we have f=1 and
’ =’max. In this LST-EVI space, three edges are defined to rep-
resent the adverse conditions, under which the carbon fixation
is completely suppressed. Two of these three edges are defined
by the extreme LSTs (line CF and line DE in Figure 3), and one
is defined by the lowest bound of the EVI (line CD). The two
LST edges represent temperature limitation on GPP processes,
independent of vegetation greenness (e.g., EVI), while the edge

defined by EVI represents a bare surface, in which GPP is zero,
no matter what the LST is. The ’ value for a condition on and
beyond these edges is assumed to be zero, in other words, the
function f has a zero value. For a condition within the three
edges, the f value is assumed to be between 0 and 1, which is
linearly interpolated between point A and the edge. For exam-
ple, the f value of a point M in the rectangle is estimated as,

fM ¼ MN=AN (4)

where subscript M represents point M; N is the intersection
point of the line AM with the rectangle border ED, DC, or
CF, depending on the location of M, and MN and AN repre-
sent the length of segment MN and AN, respectively.
Through this linear interpolation on the LST-EVI space,
the problem of interdependency between the two explana-
tory variables is avoided in interpreting GPP.
[16] As a result, GPP is calculated from

GPP ¼ ’max � f EVI;LSTð Þ � PAR (5)

Figure 2. Relationship between EVI and 16 day mean LST for all eight vegetation types.

f EVI;LSTð Þ ¼

0 EVI≤EVImin or LST≤LSTmin or LST≥LSTmax

1� EVImax � EVI

EVImax � EVImin
EVI;LSTð Þ 2 ΔADC

1� LSTopt � LST

LSTopt � LSTmin
EVI;LSTð Þ 2 ΔACF

1� LST� LSTopt

LSTmax � LSTopt
EVI;LSTð Þ 2 ΔADE

1 EVI ¼ EVImax and LST ¼ LSTopt

8>>>>>>>>>><
>>>>>>>>>>:

(6)
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[17] We will refer this new algorithm to as the Tempera-
ture (as measured by LST) and Greenness (as measured by
EVI) Rectangle (TGR) model in the following analysis.
2.3.2. Determination of the Parameters
[18] There are six parameters in the TGR model, including

’max, EVImax, EVImin, LSTmax, LSTmin, and LSTopt. Following
the physical meaning of each parameter, the course of observed
’, the relationship of EVI and GPP, and that of LST and GPP
are plotted to define the parameter ranges. Then, a least square
criterion was applied to calibrate the model parameters. Sites
used to calibrate the model were indicated in Table 1.
[19] It is first assumed that each vegetation type has the

same set of parameters. Here we take deciduous broadleaf
forest as an example to explain how the range of each param-
eter was defined. To determine the range of ’max, observed
GPP/PAR processes for the four DBF calibration sites are
plotted in Figure 4a. As GPP/PAR equals ’, there is clearly
a similar maximum ’ for most of DBF sites (0.33–0.38 g
C/mol PPFD). Therefore, the range of ’max for DBF was
chosen to be 0.33–0.38 g C/mol PPFD. In Figure 4b, a bell
shape relationship between LST and GPP is observed,
which implies that the canopy photosynthetic responses
tend to have an optimal LST. For the DBF, it is shown that
the optimal LST is around 28�C, and the range of LSTopt

value is then set to be 26�C –31�C. When LST is lower than
about 5�C (LSTmin) or higher than about 40�C (LSTmax),
the observed GPP declines to 0. Accordingly, the ranges
of LSTmax and LSTmin are chosen as 36�C–43�C and
0�C–8�C, respectively. For some ecosystems, such as those
in tropical areas, GPP may never decline to zero. In this
case, extrapolation is applied to determine the temperature
thresholds. Similarly, an EVImax� 0.7 (0.68–0.72) and
EVImin� 0.19 (0.14–0.21) are determined from the
relationship of GPP and EVI for the DBF (Figure 4c). After
defining these parameter ranges, the least square criterion
between estimated and observed GPP was used to calibrate
the optimal parameter values. Parameters for other seven
vegetation types can be determined following the same
procedure (Table 2).

2.4. The TG and GR Model

[20] We also compared GPP estimated from the TGRmodel
with those from the TG and GR models in this study. The TG

model estimates GPP using a combination of MODIS LST
and EVI products as [Sims et al., 2008]

GPP ¼ m TG� R EVI� R LST (7)

R EVI ¼ EVI� 0:1 (8)

R LST ¼ min
LST

30

� �
; 2:5� 0:05� LSTð Þ

� �
(9)

wherem_TG is an empirical coefficient. Equation (8) indicates
a 0 GPP when EVI is smaller than 0.1, and equation (9) indi-
cates the value of R_LST changes linearly between 1 when
LST is 30�C and 0 when LST is 0�C or 50�C.
[21] The GRmodel estimates GPP as [Gitelson et al., 2006],

GPP / VIchl � PAR (10)

where VIchl is the composed chlorophyll vegetation index, such
as EVI that is used in Wu et al. [2011], and also used in our
study; PAR is the observed photosynthetically active radiation.
[22] The TG and GR model were calibrated using the same

sites as the TGR model, and the calibrated coefficient m_TG
and “best fit function” of the GR model for each vegetation
type are summarized in Table 3.

3. Results

3.1. Performance of the TGR Model at Calibration and
Validation Sites

[23] Comparisons between observed 16 day GPP and those
estimated by the TGRmodel in eight different vegetation types
are shown in Figure 5 (at calibration sites) and Figure 6 (at val-
idation sites), and statistic summaries of model performance at
calibration and validation sites are listed in Tables 4 and 5,
respectively.
[24] Overall, the TGR model performed fairly well in all

calibration sites, suggesting that the model has potential to
capture the physical processes of GPP at ecosystem level.
The coefficient of determination (R2) between observed and
estimated GPP in eight vegetation types range from 0.65 in
evergreen broadleaf forest (EBF) to 0.90 in cropland, and the
root mean square error (RMSE) of estimated GPP lies between
5.9 g C/m2/16 days in Shrubland and 33.6 g C/m2/16 days
in cropland (Table 4). In addition, there are no obvious
systematic under- or overestimations for the TGR model,
with the mean bias range from �0.2 g C/m2/16 days in the
mixed forest to 5.6 g C/m2/16 days in the Savanna. However,
significant over- and underestimations of GPP are observed in
some sites, such as US_UMB in DBFs and US_Blo in ENFs
(Table 4). This could be attributed to the assumption of the
same set of parameter values for one vegetation type, which
does not closely reflect the reality. For the same vegetation
functional type, slightly different parameters appear (e.g., the
US_UMB site has an obvious lower ’max value than other
sites in DBFs, Figure 5a).We did not try to calibrate the model
at each site for two reasons. First, data from one individual site
is often not sufficient to reliably calibrate the model. Second,
too many site-specific parameter sets will make the model less
useful to access large-scale gross primary production using
remote sensing data. Parameterizing the model by functional
type minimizes the necessity to consider the attributes of every
genus and species. To reduce the dependence on ground infor-
mation is also one of our goals in developing the model. A
compensation mechanism in the TGR model can somehow
offset the overestimation of GPP due to being given a higher

Figure 3. A sketch of the rectangular LST-EVI space.
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’max value (see section 4). As a result, even the ’max values
were overestimated at some sites, the accuracy of GPP
estimates is still acceptable.
[25] At validation sites, the TGR model also showed good

performances in estimating 16 day GPP in all vegetation types
except for the evergreen broadleaf forest (EBF) (R2 = 0.37),
indicating that the TGR model is capable of estimating GPP
across a wide range of bioclimates. For the rest of the seven
types of ecosystems, R2 between TGR estimated and observed
GPP ranges from 0.67 in Savanna to 0.91 in cropland, with six

of them larger than 0.82 (Table 5). The mean bias of estimated
GPP ranges from 1.1 g C/m2/16 days in Shrubland to �5.1 g
C/m2/16 days in Savanna, and the RMSE of GPP estimates
lies in the range of 9.0–31.9 g C/m2/16 days, accounting for
about 36%–94% of mean observed GPP.

3.2. Comparison Among Models

[26] Comparisons between GPP estimated by the TGR
model and those estimated by the TG and GR models
are shown in Figure 7 (Forest sites) and Figure 8

Figure 4. The observed 16 day GPP/PAR processes (a) and the relationships of 16 day GPP against 16
day mean LST (b) and EVI (c) for the four deciduous broadleaf forest sites used for model calibration. The
vertical solid lines in Figure 4a are used to separate the four sites, which are US-MOz, US-Oho, US-UMB,
and US-MMS from left to right.
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(Nonforest sites), and statistic summaries of the model
performances at calibration and validation sites are listed
in Tables 6 and 7, respectively.
3.2.1. Forest Sites
[27] At calibration sites, the TGRmodel performed generally

better than the other two models in all forest ecosystems
(Figure 7 and Table 6). As a more rigorous test of the models,
the coefficient of determination (R2) are unaffected by simple
scaling errors (i.e., linear regression coefficients of the TG
model and ’max of the TGR model). The higher R2 values for
the TGR model in all four forest ecosystems suggests that the
TGR model may reflect better the environmental stresses on
combined ecological and physiological processes at ecosystem
level than the TG model. Similar conclusion can also be made
between the TGR model and the GR model in DBF and ENF,
as linear relationships were found to be the best fit function for
the GR model in these two vegetation types.
[28] Both the TG and GR models showed acceptable and

comparable modeling results in forest sites. Nevertheless,
in DBF, the TG model has a tendency to overestimate GPP
early in the year, which can be related to a nonlinearity in
the relationship between GPP and R_EVI�R_LST for the
deciduous sites [Sims et al., 2008]. This overestimation at
low GPP was associated with underestimation at high GPP
due to the nature of any a liner regression model.
[29] The GR model showed a slight overestimation of

GPP at the lower GPP end in DBF and ENF. This is because
that the GR model does not take the temperature effect into
consideration, which makes the model only valid during
the photosynthetically active periods when linear relation-
ships are found to be best fit functions. As EVI and PAR
are all positive values, the estimated GPP from the GR
model will never decline to zero. Similar with the TG model,
the high values of GPP were significantly underestimated by
the GR model as a result of linear regression.
[30] However, at validation sites, all three models failed in

estimating GPP in the EBF site. The TGR model performed
better in DBF and ENF, and three models had similar perfor-
mances in the mixed forest (MF). Nevertheless, in MF, the
TG model showed significant larger bias in validation sites
than in calibration sites, suggesting that the calibrated
parameter of the TG model may be not suitable for the
validation sites (Figure 7).
3.2.2. Nonforest Sites
[31] For Savanna and Shrubland, where serious droughts

often occur, both the TG and GR models fail in capturing
the actual GPP processes at the calibration sites (Figure 8
and Table 6). In Savanna ecosystem, R2 between estimated
and observed GPP are 0.43 for the TG model and 0.70 for

the GR model, and these two values are 0.31 and 0.43 for
TG and GR models in Shrubland, respectively. To further
demonstrate how the three models perform under drought
conditions, the seasonal courses of measured GPP and
GPP predicted by the three models in a Savanna site
(US_Ton) are compared in Figure 9. The reason to choose
the US_Ton site is because of its relative long data set.
Besides, in order to avoid errors introduced by differences
in model parameters among sites, all three models were
recalibrated at the US_Ton site (2002–2004 for calibration
and 2005–2007 for validation). As shown in Figure 9,
serious dry periods (as indicated by both high vapor pressure
deficit and low soil water content) occurred in the US_Ton
site between DOY 150 and 260 in each year. The TG model
tends to underestimate GPP during drought, indicating that
the environmental stresses on ecosystem photosynthesis
may be overestimated by the TG model. Similar perfor-
mance is observed for forest sites that the TG model shows
overestimations of GPP in DBF during most of nondrought
seasons of each year as a result of the linear regression. On
the contrary, the GR model significantly overestimated
GPP during drought periods of 2006 and 2007 (a slight
overestimation in 2005 is also visible), as there is no
mechanism to directly reflect drought in the GR model. In
contrast, the TGR model estimated GPP reasonably well
under drought conditions and provided better seasonal
courses of GPP than the other two models in the site.
[32] At the validation sites, the TGR model still performed

better than the other twomodels (Table 7). However, systematic
discrepancies were found between model performances at cali-
bration and validation sites for all three models in Savanna and
Shrubland (Figure 8). This may be due to that only one site was
used to conduct model parameterization for these two vegeta-
tion types, which may lead to unreliable calibration parameters.
[33] For Grassland and Cropland, the TGRmodel performed

best and the GR model performed worst at calibration sites
(Table.6). Besides, both the TG and GRmodels had a tendency
to overestimate lower GPP and underestimate higher GPP in
Grassland. Interestingly, despite the worst performance of the
GR model at calibration sites in Grassland, it showed the best
performance in validation sites (Table 7). The TGR and TG
models performed similarly at validation site in Cropland, R2

are 0.91 for the TGR model and 0.87 for the TG model, which
are significantly higher than that of the GR model (R2 = 0.81).
However, no obvious discrepancies are observed between
model performances at calibration and validation sites for all

Table 2. TGR Model Parameter Calibrated With Selected Sites
Marked in Table 1

Vegetation
Type

’max (g C/mol
PPFD) EVIminEVImax

LSTopt

(�C)
LSTmax

(�C)
LSTmin

(�C)

DBF 0.36 0.19 0.71 29 38 4
EBF 0.21 0.15 0.57 32 40 10
ENF 0.26 0.04 0.71 24 36 -2
Mixed Forest 0.30 0.23 0.68 27 40 2
Savanna 0.16 0.15 0.40 28 49 2
Shrubland 0.11 0.13 0.31 20 48 0
Grassland 0.29 0.21 0.50 25 45 5
Cropland 0.50 0.16 0.78 28 38 4

Table 3. Parameter of the TG Model and “Best Fit Function” of
the GR Model for Each Vegetation Type (GR = EVI � PAR)

Vegetation
Type

TG Model GR Model

m_TG (g C/m2/16
days) Best Fit Function

DBF 374.2 GPP = 0.3921 � GR
EBF 283.9 GPP = �0.0004 � GR2 + 0.435 � GR
ENF 354.3 GPP = 0.3 � GR
MF 334.7 GPP = 0.0006 � GR2 + 0.1435 � GR
Savanna 389.9 GPP = 0.0009 � GR2 + 0.0464 � GR
Shrub 315.7 GPP = 0.0008 � GR2 + 0.0236 � GR
Grass 413.1 GPP = 0.0011 � GR2 � 0.0321 � GR
Crop 517.9 GPP = 0.0009 � GR2 + 0.181 � GR
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Figure 5. Comparisons of the TGRmodel estimated 16 day GPP against observed 16 day GPP at validation
sites for the eight types of ecosystems, including (a) deciduous broadleaf forest, (b) evergreen broadleaf
forest, (c) evergreen needleleaf forest, (d) mixed forest, (e) savanna, (f) shrubland, (g) grassland, and
(h) cropland. Dashed line is the 1:1 line and solid line indicates the best fit linear relationship.
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Figure 6. Comparisons of the TGR model estimated 16 day GPP against observed 16 day GPP
at validation sites for the eight types of ecosystems, including (a) deciduous broadleaf forest,
(b) evergreen broadleaf forest, (c) evergreen needleleaf forest, (d) mixed forest, (e) savanna,
(f) shrubland, (g) grassland, and (h) cropland. Dashed line is the 1:1 line and solid line indicates
the best fit linear relationship.
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three models (Figure 8), suggesting that the parameters of all
three models may hold certain universality in Croplands.

4. Discussion

4.1. Analysis of Parameter Uncertainty

[34] Since the TGR model relies heavily on the accuracy of
the boundary estimation of the LST-EVI rectangle space, a
local sensitivity analysis was conducted to examine the uncer-
tainty of model parameters for the estimation of GPP. Taking
DBF as an example, Figure 10 shows the relationships of the
value of each parameter against RMSE of GPP estimates.
[35] As can be seen from Figure 10, the RMSE remains

relatively low when the value of each parameter lies in the
range determined from visual examination of observed rela-
tionships in Figure 4, suggesting strong model robustness.
By contrast, the model is more sensitive to variations in ’max

and LSTopt, but less sensitive to other parameters. Table 8
shows the relative changes in RMSE due to changes in the
value of each parameter for all vegetation types. The variation
ranges of each parameter are set to be close to those deter-
mined from visual examination procedure described in section
2.3.2, which are 0.02 g C/mol PPFD for ’max, 0.03 for EVI
parameters, and 3�C for temperature parameters. It is found
that the TGR model is generally most sensitive to ’max in
forest ecosystems but more sensitive to EVImax and EVImin

in ecosystems where EVI values are low, such as Savanna,
Shrubland, and Grassland. For Cropland, the most two sensi-
tive parameters are LSTopt and LSTmax.

4.2. Further Discussions

[36] The above results demonstrate that the TGR model
performed very well in estimating GPP with reference to flux
tower-based measurements. This suggests that the TGRmodel
can be potentially used as an optional algorithm for GPP
estimation on a regional scale. In situ measurement of PAR
is the only ground-based observation used in the TGR model

to calculate GPP, which overcomes the high dependency on
the meteorological measurements in some other models such
as MODIS GPP algorithm [Running et al., 2004], as the
required spatial resolution of the meteorological data can
rarely be achieved [Zhao et al., 2005; Heinsch et al., 2006].
In addition, studies have shown that the PAR can be retrieved
from MODIS images with an average absolute error on an
order of 2%–12% on daily basis and 5% on monthly basis
[Liang et al., 2007; Van Laake & Sanchez-Azofeifa, 2004,
2005; Ryu et al., 2011]. Thus, the TGR model can be
potentially applied with remote sensing data only, after the
parameters are obtained for each plant functional types.
[37] As for the TG and GR models, the largest limitation

lies in their empirical basis, which may preclude their poten-
tial applications at larger spatial or longer temporal scales
[Wu et al., 2010b]. In contrast, the TGR model has a
relatively strong physical basis, where each parameter has
a specific physical meaning. Not surprisingly, the perfor-
mance of the TGR model showed smallest differences
between calibration and validations sites among the three
models (Figures 7 and 8). It is important for a model to be
physically based to keep the generality of the model across
a wide range of vegetation types and environmental condi-
tions. The definitions of EVImax, EVImin, LSTmax, LSTmin,
and LSTopt are quite straightforward, and ’max is actually
in good consistence with the classic definition of the maxi-
mum light use efficiency (LUEmax) [e.g., in Xiao et al.,
2004], where ’max =LUEmax� fAPAR. Xiao et al. [2004]
reported that fAPAR is strongly linearly correlated with EVI
and can be estimated from a�EVI. Taking coefficient a to
be 1 [Xiao et al., 2004] and assume that a higher LUE is
always associated with a higher EVI value [Wu et al.,
2012], LUEmax can be approximated with ’max/EVImax.
Using the parameters given in Table 2, estimated values of
LUEmax for DBF is 0.507 g C/mol PPFD. This is very close
to the LUEmax value for DBF reported in previous studies
(0.528 g C/mol PPFD) [Xiao et al., 2004].
[38] The comparison results also show that the TGR model

performed better than the TG and GR model for nearly all
vegetation types, especially in dry climate. The GR model
estimates GPP via estimation of canopy chlorophyll content

Table 4. TGR Model Performances at Calibration Sitesa

Vegetation Types Sites Mean_Tower Mean_TGR R2 RMSE BIAS

DBF US_MOz 72.3 74.2 0.85 27.9 1.9
US_MMS 74.3 78.3 0.88 26.4 4.0
US_UMB 73.7 91.5 0.83 38.7 17.8
US-Ha1 65.4 54.2 0.86 29.3 �11.2
Overall 71.2 74.0 0.85 29.6 2.8

EBF US_KS2 82.5 79.0 0.65 20.5 �3.5
ENF US_Blo 55.2 71.6 0.75 28.0 16.5

US_Ho1 66.5 61.1 0.88 20.9 �5.4
US_Me5 37.0 43.8 0.82 13.7 6.8
US_NR1 30.3 19.5 0.78 18.9 �10.8
Overall 47.7 48.4 0.79 21.8 0.7

MF US_LPH 53.1 50.9 0.94 16.8 �2.2
US_NC1 68.7 72.0 0.78 27.0 3.2
Overall 58.7 58.5 0.89 21.0 �0.2

Savanna US_Ton 41.2 46.8 0.82 14.4 5.6
Shrubland US_SO4 14.4 15.1 0.67 5.9 0.7
Grassland US_Aud 8.4 5.5 0.64 12.3 �2.9

US_Var 33.2 29.8 0.90 15.6 �3.3
Overall 24.1 21.0 0.88 14.5 �3.1

Cropland US_Bo1 72.5 72.9 0.92 30.3 0.4
US_Ne1 88.3 79.6 0.90 36.4 �8.7
Overall 85.5 81.2 0.90 33.6 �4.4

aR2 is the coefficient of determination and RMSE (g C/m2/16 days) is the
root mean square error. The mean bias is defined as mean estimates minus
mean observations (g C/m2/16 days).

Table 5. TGR Model Performances at Validation Sitesa

Vegetation Types Sites Mean_Tower Mean_TGR R2 RMSE BIAS

DBF US_Bar 61.0 67.0 0.95 18.0 6.0
US_Oho 101.9 91.5 0.70 45.6 �10.6
US-WCr 59.9 58.4 0.95 16.9 �1.5
Overall 67.5 68.0 0.87 26.5 0.5

EBF US_SP2 83.5 63.7 0.37 25.6 �19.8
ENF US_Ho2 60.0 62.5 0.86 21.7 2.5

US_Me2 67.1 57.6 0.82 19.1 �9.4
CA_NS3 22.1 25.7 0.74 16.4 3.6
Overall 51.5 49.7 0.83 19.2 �1.8

MF US_NC1 68.8 72.0 0.90 25.0 3.2
Savanna US_SRM 11.4 6.3 0.67 10.7 �5.1
Shrubland CA_NS7 14.5 15.6 0.85 9.0 1.1
Grassland US_Wlr 49.2 62.0 0.89 25.1 12.8

US_FPe 16.5 9.4 0.79 14.9 �7.1
Overall 24.7 22.6 0.82 18.0 �2.1

Cropland US_Ne2 88.3 75.8 0.91 31.9 �2.5

aR2 is the coefficient of determination and RMSE (g C/m2/16 days) is the
root mean square error. The mean bias is defined as mean estimates minus
mean observations (g C/m2/16 days).
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by using vegetation index (e.g., EVI) related to canopy chloro-
phyll content. However, environmental stresses (e.g., drought)
may not immediately affect the canopy chlorophyll content
but may affect GPP [Peng et al., 2013]. Although studies have
shown that drought could leads to decreases in greenness in
croplands at daily scale [e.g., Peng et al., 2013], it may not
be the case for natural ecosystems with higher ecosystem
resistance. As a result, it is necessary to explicitly incorporate
other information in the model to capture drought, such as
LST. Nevertheless, double counting the information in corre-
lated explanatory variables leads to serious underestimations
by the TG model in Savanna and Shrubland (Figures 8 and
9). It is not appropriate to simplymultiply the effects of several
influencing factors to obtain an overall reducing factor, espe-
cially when strong intercorrelations are found among factors.
Similar problems may also exist in other related topics, such
as the Jarvis function to rescale maximum stomata conduc-
tance under unfavorable environmental conditions [Jarvis,
1976]. Our method provided in this study could likely to be
a solution for these similar problems.
[39] The lack of ability in predicting GPP for the EBF sites

is likely due to that the two EBF sites used are both located in
the subtropical climate regions (Table 1), where both EVI and
LST have smallest seasonal variations (Figure 2b). This makes

the model insensitive to the two input variables in these sites.
Study has shown that correlations between EVI and tower
GPP are better for sites with a larger seasonality in greenness,
while worse for sites dominated by evergreen species [Sims
et al., 2008]. On the EVI-LST rectangle (Figure 3), it shows
that EVI becomes the only predicting variable on f when
points lie in the triangle ACD, while only LST is considered
if points scatter in triangles ADE and ACF (see equation
(6)). This is physically meaningful. For example, segment
PQ represents the same EVI for the full range of LST
(Figure 3). For points located within XY, which represents
relative suitable LST conditions, EVI becomes the major
influencing factor on ecosystem productivity. This is why
close relationships were observed between EVI and GPP
during nondrought and photosynthetic active periods [Sims
et al., 2006]. Conversely, under unfavorable conditions, such
as those under high temperature or drought (segment PY) or
low temperature (segment XQ), LST becomes the major
influencing factor. For the seven ENF sites, their EVI-LST
points are mostly concentrated in the triangle ACF (Figure 2c).
This may explain why the TGRmodel still provides goodGPP
estimates in evergreen needleleaf forests.
[40] There are also some limitations in the current study. The

first is the assumption that each vegetation type has the same set

Figure 7. Comparisons between the observed 16 day GPP and GPP estimated from the TGR (left) , TG
(middle), and GR (right) models in forest sites. Dashed line is the 1:1 line and solid line indicates the best
fit linear relationship.
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of parameter values, which may need further considerations.
There has been considerable interest in the climate factors deter-
mining the geographic distribution of evergreen and deciduous
species [Woodward, 1987]. Ecosystems in tropic climate
regions may have a higher optimal temperature than those in
temperate or boreal climate regions, even with similar vegeta-
tion types. Similarly, LSTmin and LSTmax could be lower in
the boreal region than in the tropic region. Besides, a larger
variation of vegetation index was found in regions with higher
mean annual precipitation, lower mean annual temperature, or
larger annual thermal variation [Paruelo and Lauenorth,

1995]. These relationships between LST or EVI and climate
variables may be useful in determining the model parameters
for sites within each vegetation type. However, even there are
some variations of the parameters within the same vegetation
type, the estimated GPP by the TGR model still show high
consistence with observed data (Figures 5–6 and Tables 4, 5).
This is because, for example, a low’max value is always related
with a low value of EVImax. As a result, the overestimation of
’max may partly be compensated by the underestimation of
the scaling factor f under the TGR principle and results in
comparable GPP estimates.

Table 6. Performances of the Three Models at Calibration Sitesa

Vegetation Type Mean R2 RMSE (g C/m2/16 days) BIAS (g C/m2/16 days)

Tower TGR TG GR TGR TG GR TGR TG GR
DBF 71.2 0.85 0.85 0.82 29.6 27.5 31.4 2.8 2.9 4.5
EBF 82.5 0.65 0.58 0.59 20.5 15.9 15.3 �3.5 �16.2 �1.0
ENF 47.7 0.79 0.76 0.73 21.8 22.5 22.1 0.7 �7.8 �0.3
MF 58.7 0.89 0.84 0.83 21.0 24.6 26.0 �0.2 2.3 3.7
Savanna 41.2 0.82 0.43 0.70 14.4 23.1 17.0 5.6 �1.3 �1.9
Shrub 14.4 0.67 0.31 0.43 5.9 8.3 7.6 0.7 �0.4 �0.5
Grass 24.1 0.88 0.75 0.31 14.5 21.9 33.5 �3.1 6.2 �1.7
Crop 85.5 0.90 0.88 0.87 33.6 36.4 37.9 �4.4 6.0 3.2

aR2 is the coefficient of determination and RMSE is the root mean square error. The mean bias is defined as mean estimates minus mean observations.

Figure 8. Comparisons between the observed 16 day GPP and GPP estimated from the TGR (left) , TG
(middle), and GR (right) models in nonforest sites. Dashed line is the 1:1 line, and solid line indicates the
best fit linear relationship.
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[41] The second limitation is that the light use efficiency ’
was determined only by greenness and LST in the TGRmodel.
However, composition of incoming light is also an important
factor that affects GPP. In cloudy days, even with the same
greenness and LST, more diffused light could be absorbed
by the vegetation more effectively, and thus resulting in differ-
ent light use efficiency. However, such effects on ecosystem
GPP were not considered in the TGR model.
[42] The third limitation is that all flux sites used to develop

and validate themodel locate on the continental North America,
with most regions belong to temperate or boreal climate. To
make the TGR model an option for global GPP estimation,
more efforts are needed to parameterize and validate the model
over different bioclimates around the world. This is particularly
important in the tropic rainforest regions, as tropic rainforest
has been playing a major role in determining the CO2

concentration in the atmosphere [Malhi and Grace, 2000].
However, studies have questioned about using the MODIS
EVI to represent vegetation greenness in tropic rainforest, as
EVI showed an increased value during the 2005 drought in
Amazon region [Saleska et al., 2007]. Recent study indicated
that this green-up in EVI wasmainly caused by the atmospheric
contamination on MODIS data (e.g., cloud, shadow and
aerosol) [Samanta et al., 2010]. Besides EVI, other vegetation
index can also be used in the TGR model to represent vegeta-
tion greenness, such as NDVI or WDRVI [Peng et al., 2013;
Wu et al., 2010a]. In addition, MODIS LST product does not

retrieve LST under cloudy conditions, which is also a normal
case in tropic region. However, LST is mainly used to capture
the low temperature (nongrowing season) and drought informa-
tion over half-month period in the TGR model, and these
information may not change substantially between cloudy and
clear days. Nevertheless, the validation of the model in tropic
rainforest region should be the focus of our further study.

5. Conclusion

[43] A new algorithm to estimate GPP over North American
ecosystems was proposed in this study (the TGR model). The
TGR model uses combined information of MODSI EVI and
LST, as well as in situ measurement of PAR to estimate
GPP at a 16 day interval. The model follows strictly the logic
by Monteith [1972] and each model parameter has a physical
meaning, suggesting that the model may keep the generality
across a wide range of vegetation types and environmental
conditions. Besides, the information overlap in correlated
explanatory variables is avoided in the model.
[44] The TGR model was calibrated at 17 flux sites and

validated at another 13 flux sites. Besides, the performances
of the TGR model were compared with those of the TG and
GR models. Results indicate that (1) the TGR model estimates
GPP reasonably well across a wide range of bioclimates, with
the root mean square error ranging from 5.9 to 33.6 g C/m2/
16 days at calibration sites and from 9.0 to 31.9 g C/m2/

Table 7. Performances of the Three Models at Validation Sitesa

Vegetation Type
Mean R2 RMSE (g C/m2/16 day) BIAS (g C/m2/16 day)

Tower TGR TG GR TGR TG GR TGR TG GR

DBF 67.5 0.87 0.86 0.83 26.5 30.4 33.2 0.5 �5.3 6.2
EBF 83.5 0.37 0.37 0.37 25.6 25.1 22.0 �19.8 �16.2 �14.2
ENF 51.5 0.83 0.72 0.77 19.2 27.3 21.6 �1.8 �14.1 �1.2
MF 68.8 0.90 0.91 0.90 25.0 27.8 22.1 3.2 �13.9 5.6
Savanna 11.4 0.67 0.51 0.57 10.7 11.6 11.6 �5.1 �1.8 2.7
Shrub 14.5 0.85 0.81 0.71 9.0 10.6 13.9 1.1 �2.7 �4.0
Grass 24.7 0.82 0.72 0.86 18.0 19.3 15.0 �2.1 7.7 �6.5
Crop 88.3 0.91 0.87 0.81 31.9 39.4 45.8 �2.5 6.7 8.5

aR2 is the coefficient of determination and RMSE is the root mean square error. The mean bias is defined as mean estimates minus mean observations.

Figure 9. Seasonal courses of observed GPP and GPP estimated from the TGR, TG, GR models, as well
as vapor pressure deficit (VPD) and soil water content (SWC) in the US_Ton site.
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16 days at validation sites; (2) with reference to tower-based
measurement, the TGR model generally gives better GPP esti-
mates than the TG and GR models, especially under drought
conditions; (3) the TG model tends to underestimate GPP and
the GR model tends to overestimate GPP under drought
conditions.
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