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Abstract
Net ecosystem exchange (NEE) of CO2 between the atmosphere and forest ecosystems is determined by gross primary production
(GPP) of vegetation and ecosystem respiration. CO2 flux measurements at individual CO2 eddy flux sites provide valuable information on
the seasonal dynamics of GPP. In this paper, we developed and validated the satellite-based Vegetation Photosynthesis Model (VPM),
using site-specific CO2 flux and climate data from a temperate deciduous broadleaf forest at Harvard Forest, Massachusetts, USA. The
VPM model is built upon the conceptual partitioning of photosynthetically active vegetation and non-photosynthetic vegetation (NPV)
within the leaf and canopy. It estimates GPP, using satellite-derived Enhanced Vegetation Index (EVI), Land Surface Water Index (LSWI),
air temperature and photosynthetically active radiation (PAR). Multi-year (1998 – 2001) data analyses have shown that EVI had a stronger
linear relationship with GPP than did the Normalized Difference Vegetation Index (NDVI). Two simulations of the VPM model were
conducted, using vegetation indices from the VEGETATION (VGT) sensor onboard the SPOT-4 satellite and the Moderate Resolution
Imaging Spectroradiometer (MODIS) sensor onboard the Terra satellite. The predicted GPP values agreed reasonably well with observed
GPP of the deciduous broadleaf forest at Harvard Forest, Massachusetts. This study highlighted the biophysical performance of improved
vegetation indices in relation to GPP and demonstrated the potential of the VPM model for scaling-up of GPP of deciduous broadleaf
forests.
D 2004 Elsevier Inc. All rights reserved.
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1. Introduction
The seasonal variations of gross primary production
(GPP) and ecosystem respiration (R) determine net ecosystem exchange (NEE) of CO2 between the atmosphere and
forest ecosystems. In the past decades, researchers in
ecosystem science have focused on net primary production
(NPP) of ecosystems, which is the difference between GPP
and autotrophic respiration (Ra). In recent years, continuous
CO2 flux measurements between forests and the atmosphere
at flux tower sites (Wofsy et al., 1993) have allowed for a
more detailed examination of the photosynthetically active
period (leaf phenology) and GPP of forest ecosystems
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(Falge et al., 2002a, 2002b). It is thought that even modest
changes in the length or magnitude of the plant growing
season could result in large changes in annual GPP in
deciduous broadleaf forests (Goulden et al., 1996). An
analysis of NEE from 1991 – 2000 in Harvard Forest also
suggested that weather and seasonal climate (e.g., light,
temperature and moisture) regulated seasonal and interannual fluctuations of carbon uptake in a temperate deciduous broadleaf forest (Barford et al., 2001). Forest CO2 flux
tower sites provide integrated CO2 flux measurements over
footprints with sizes and shapes (linear dimensions typically
ranging from hundreds of meters to 1 km) that vary with the
tower height, canopy physical characteristics and wind
velocity. Regional extrapolation of those CO2 flux measurements is a challenging task because of the large spatial
heterogeneity and temporal dynamics of forest ecosystems
across complex landscapes and regions.
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One approach to scale-up and extrapolate site-specific
measurements (e.g., GPP, NPP, NEE) is to use processbased biogeochemical models, driven by a multi-layer
database of climate, soil and vegetation types (Churkina
et al., 2003; Law et al., 2000). CO2 flux data from the
tower sites are useful for parameterization and validation
of biogeochemical models. The other scaling-up approach
for regional analysis is to use satellite observations and
climate data (Turner et al., 2003a; Xiao et al., 2004). A
number of satellite-based modeling studies (Behrenfeld et
al., 2001; Field et al., 1995; Potter et al., 1993; Prince &
Goward, 1995; Ruimy et al., 1994, 1996; Turner et al.,
2003a) have used the Production Efficiency Model (PEM)
to estimate GPP or NPP at large spatial scales:
GPP ¼ eg  FAPAR  PAR

ð1Þ

NPP ¼ en  FAPAR  PAR

ð2Þ

where PAR is the incident photosynthetically active radiation (PAR, MJ/m2) in a time period (e.g., day, month),
FAPAR is the fraction of absorbed PAR by the vegetation
canopy, eg is the light use efficiency (LUE, g C MJ 1
PAR) in the GPP calculation and en is the LUE in the NPP
calculation. Both eg and en are usually estimated as a
function of temperature, soil moisture and/or water vapor
pressure deficit (VPD). In those PEM models, FAPAR has
been estimated as a function of a greenness-related vegetation index, the Normalized Difference Vegetation Index
(NDVI, Tucker, 1979):
NDVI ¼

qnir  qred
qnir þ qred

ð3Þ

where qred and qnir are reflectance values of red and near
infrared (NIR) spectral bands. Monthly NDVI data from
the NOAA Advanced Very High Resolution Radiometer
(AVHRR) sensors that have only red and near infrared
bands for the study of vegetation has been widely used in
those PEM models (Prince & Goward, 1995).
Recently, we have developed a new satellite-based
Vegetation Photosynthesis Model (VPM), which was first
used to estimate GPP of an evergreen needleleaf forest
from 1998 to 2001 at Howland, Maine, USA (Xiao et al.,
2004). The VPM model takes advantages of additional
spectral bands (e.g., blue and shortwave infrared (SWIR))
that are available from advanced optical sensors such as
the VEGETATION (VGT) sensor onboard the SPOT-4
satellite, and the Moderate Resolution Imaging Spectroradiometer (MODIS) onboard the NASA Terra and Aqua
satellites, which offer an improved potential for better
characterization of vegetation at the global scale. The input
data of the VPM model are the Enhanced Vegetation Index
(EVI, Huete et al., 1997), Land Surface Water Index
(LSWI, Xiao et al., 2004), air temperature and PAR. EVI
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is calculated, using reflectance data of blue, red and NIR
bands:
EVI ¼ 2:5 

qnir  qred
qnir þ ð6  qred  7:5  qblue Þ þ 1

ð4Þ

LSWI is calculated as the normalized difference between
NIR and SWIR spectral bands (Xiao et al., 2002):
LSWI ¼

qnir  qswir
qnir þ qswir

ð5Þ

For VGT images, we use NIR (0.78 – 0.89 Am) and
SWIR (1.58 – 1.75 Am) bands. For MODIS images, we
use NIR (841 – 875 nm) and SWIR (1628 –1652 nm) bands.
In this study, we combined analysis of satellite images
with CO2 flux data from a temperate deciduous broadleaf
forest site in Massachusetts, USA over the period of 1998–
2001. The objective of this study was to develop and
validate the satellite-based VPM (Xiao et al., 2004) for
estimating seasonal dynamics of GPP of deciduous broadleaf forests. Simulations of VPM model were conducted,
using 10-day VGT composite images over 1998– 2001 and
8-day MODIS composite images in 2001, respectively. This
study of multi-year satellite images and CO2 flux data at
Harvard Forest, Massachusetts, USA (Wofsy et al., 1993)
will help us to address an important scaling-up question: to
what degree can temporal dynamics (both seasonal and
inter-annual) of GPP of deciduous broadleaf forests be
observed and estimated from interpretations of remotely
sensed images of advanced optical sensors combined with
climate data. The VPM model uses improved vegetation
indices derived from those advanced optical sensors and
climate data (temperature and PAR), and may potentially
provide more accurate estimates of GPP than other PEM
models that employ NDVI only.

2. Brief description of satellite-based VPM
2.1. Overview of the VPM model
Leaf and forest canopies are composed of photosynthetically active vegetation (PAV, mostly chloroplast) and nonphotosynthetic vegetation (NPV, mostly senescent foliage,
branches and stems). The presence of NPV has a significant
effect on FAPAR at the canopy level. For example, in forests
with a leaf area index (LAI) of < 3.0, NPV (stem) increased
canopy FAPAR by 10– 40% (Asner et al., 1998). Even
within a green leaf, there is also some proportion of nonphotosynthetic components (e.g., primary, secondary and
tertiary veins, cell walls), dependent upon leaf type and leaf
age. Non-photosynthetic absorption can vary in magnitude
(e.g., 20 –50%) depending on species, leaf morphology, leaf
age and growth history (Hanan et al., 1998, 2002; Lambers
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et al., 1998). Thus, FAPAR by a forest canopy should be
partitioned into two components:
FAPAR ¼ FAPARPAV þ FAPARNPV

ð6Þ

where FAPARPAV and FAPARNPV represent the fraction of
PAR absorbed by PAV and NPV, respectively. Only the
PAR absorbed by PAV (FAPARPAV) is used for photosynthesis. Partitioning of FAPAR into FAPARPAV and
FAPARNPV is a critical issue, but it has not been discussed
extensively in the remote sensing community. Any model
that accounts for FAPARPAV is likely to substantially improve estimation of GPP or NPP of forests, given a known
value of light use efficiency (LUE, g C/mol PAR or g C/MJ
PAR) of forests.
Based on the conceptual partitioning of NPV and PAV
within the leaf and canopy, we proposed a new satellitebased VPM for estimation of GPP over the photosynthetically active period of vegetation (Xiao et al., 2004):
GPP ¼ eg  FAPARPAV  PAR

ð7Þ

where PAR is the incident photosynthetically active radiation (Amol/m 2 /s; photosynthetic photon flux density
(PPFD)), and eg is the light use efficiency (Amol CO2/Amol
mol PPFD). Light use efficiency (eg) is affected by temperature, water and leaf phenology (leaf age):
eg ¼ e0  Tscalar  Wscalar  Pscalar

ð8Þ

where e0 is the apparent quantum yield or maximum light
use efficiency (Amol CO2/Amol PPFD), and Tscalar, Wscalar
and Pscalar are the downward-regulation scalars for the
effects of temperature, water and leaf phenology (leaf age)
on light use efficiency of vegetation, respectively.
Tscalar is estimated at each time step, using the equation
developed for the Terrestrial Ecosystem Model (TEM)
(Raich et al., 1991):
Tscalar ¼

ðT  Tmin ÞðT  Tmax Þ
½ðT  Tmin ÞðT  Tmax Þ  ðT  Topt Þ2

ð9Þ

where Tmin, Tmax and Topt are minimum, maximum and
optimal temperature for photosynthetic activities, respectively. If air temperature falls below Tmin, Tscalar is set to be
zero.
The effect of water on plant photosynthesis (Wscalar) has
been estimated as a function of soil moisture and/or water
VPD in a number of PEM models (Field et al., 1995; Prince
& Goward, 1995; Running et al., 2000). For instance, in the
CASA (Carnegie, Stanford, Ames Approach) model, soil
moisture was estimated using a one-layer bucket model
(Malmstrom et al., 1997). Input data sets (e.g., precipitation,
soil texture, soil depth) of soil moisture models usually have
large spatial heterogeneity. Here, we explored an alternative
approach that uses satellite-derived vegetation indices relat-

ed to leaf and canopy water content. Availability of time
series data of SWIR and NIR bands from the new generation
of advanced optical sensors (e.g., VGT and MODIS) offers a
new opportunity for quantifying leaf and canopy equivalent
water content (EWT, g H2O/m2) at large spatial scales
through both the vegetation indices approach (Ceccato et
al., 2002a, 2002b) and the radiative transfer modeling
approach (Zarco-Tejada et al., 2003). Four water-related
vegetation indices that are based on NIR and SWIR bands
have been developed: Moisture Stress Index (MSI, Hunt &
Rock, 1989), Land Surface Water Index (LSWI, Xiao et al.,
2002), Global Vegetation Moisture Index (GVMI, Ceccato
et al., 2001, 2002a, 2002b) and Normalized Difference
Water Index (NDWI, Gao, 1996). In this first version of
the VPM model, as the first order of approximation, we
proposed an alternative and simple approach that uses a
water-sensitive vegetation index to estimate the seasonal
dynamics of Wscalar (Xiao et al., 2004):
Wscalar ¼

1 þ LSWI
:
1 þ LSWImax

ð10Þ

where LSWImax is the maximum LSWI within the plantgrowing season for individual pixels. LSWI values range
from  1 to + 1, and the simple formulation of Wscalar (Eq.
(10)) is a linear scalar with a value range of 0 to 1.
Leaf age affects the seasonal patterns of photosynthetic
capacity and net ecosystem exchange of carbon in a deciduous forest (Wilson et al., 2001). Results of a study that
compared daily light use efficiency from four CO2 flux
tower sites (an agriculture field, a tallgrass prairie, a deciduous broadleaf forest and a boreal forest) support inclusion
of parameters for cloudiness and the phenological status of
the vegetation (Turner et al., 2003b). In the VPM model,
Pscalar is included to account for the effect of leaf age on
photosynthesis at the canopy level. In this version of the
VPM model, calculation of Pscalar is dependent upon the
longevity of leaves (deciduous versus evergreen). For a
canopy that is dominated by leaves with a life expectancy
of 1 year (one growing season, e.g., deciduous trees), Pscalar
is calculated at two different phases as a linear function:
1 þ LSWI
2
During bud burst to leaf full expansion

ð11Þ

Pscalar ¼ 1

ð12Þ

Pscalar ¼

After leaf full expansion

The green-up phase (from bud burst to full leaf expansion) for temperate deciduous forests is short and usually
last only for a few weeks. In our earlier studies for various
vegetation types in Temperate East Asia (Boles et al., in
press; Xiao et al., 2002), the results have indicated that the
time series of greenness-related vegetation indices (e.g.,
NDVI, EVI) and water-related vegetation indices (LSWI)
can be used to identify the green-up phase (from the
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beginning of leaf-on to the completion of full leaf expansion) and senescence/leaf-off phase at the canopy level.
LSWI values range from  1 to + 1 (a range of 2), and the
simplest formulation of Pscalar (Eq. (11)) is a linear scalar
with a value range of 0 to 1.
To accurately estimate FAPARPAV in forests is the most
challenging task to the research communities of radiative
transfer modeling and field measurements, as it is very
difficult task to quantify PAV (g/m2) and NPV (g/m2) at
the leaf and canopy levels. In this first version of the VPM
model, FAPARPAV within the photosynthetically active
period of vegetation is estimated as a linear function of
EVI (Xiao et al., 2004):
FAPARPAV ¼ a  EVI

ð13Þ

At this first version of the VPM model, the coefficient a
is set to be 1.0, representing the simplest case of parameterization. EVI is linearly correlated with the green LAI in
crop fields, based on airborne multi-spectral data (Boegh et
al., 2002). Evaluation of the radiometric and biophysical
performance of EVI calculated from the MODIS sensor
indicated that EVI remained sensitive to canopy variations
(Huete et al., 2002). In an earlier study that compared VGTderived NDVI and EVI for Northern Asia over the period of
1998 –2001, the results indicated that EVI is less sensitive to
residual atmospheric contamination due to aerosols from
extensive fires in 1998 (Xiao et al., 2003).
2.2. Parameterization of the VPM model
In the VPM model, the maximum light use efficiency (e0)
needs to be estimated for individual biomes. A literature
survey was conducted to gather information on e0 for
deciduous broadleaf forests. Here, we used e0 = 0.044 Amol
mol CO2/Amol PAR or e0 = 0.528 g C/mol PAR, based on an
earlier study of CO2 fluxes at Harvard Forest (Ruimy et al.,
1995; Wofsy et al., 1993).
Estimation of site-specific LSWImax is dependent upon
the optical sensor and the time series of image data. When
multi-year LSWI data are available, the mean LSWI values
of individual pixels over multiple years for individual
temporal composite points (e.g., daily, weekly or every 10
days) were calculated, and then the maximum LSWI value
within the photosynthetically active period was selected as
an estimate of LSWImax.
In calculation of Tscalar, Tmin, Tmax and Topt values vary
among different vegetation types (Aber & Federer, 1992;
Raich et al., 1991). For temperate deciduous broadleaf
forest, the PnET ecosystem model used 0, 20 and 40 jC
for Tmin, Topt and Tmax, respectively (Aber & Federer, 1992).
The TEM used  2 jC for Tmin of temperate forest (Raich et
al., 1991). In this study, we used Tmin of  1 jC, Topt of 20
jC and Tmax of 40 jC for temperate deciduous broadleaf
forest.
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3. The study site and data
3.1. Site-specific CO2 flux and climate data from Harvard
Forest
The eddy flux tower site (42.54jN and 72.18jW, 340 m
elevation) is located within Harvard Forest, Petersham, MA,
USA. Vegetation at the site is primarily a 60- to-80-year-old
deciduous broadleaf forest, and dominant species composition include red oak (Quercus rubra), red maple (Acer
rubrum), black birch (Betula lenta), white pine (Pinus
strobes) and hemlock (Tsuga canadensis). Annual mean
temperature is about 7.9 jC and annual precipitation is
about 1066 mm. On the average, plant growing season lasts
for 161 days (Waring et al., 1995).
Eddy flux measurements of CO2, H2O and energy at
Harvard Forest have been collected since 1991 (Barford et
al., 2001; Goulden et al., 1996; Wofsy et al., 1993). Daily
data of maximum and minimum temperature (jC), precipitation (mm) and PAR (mol/m2/day) from 1998 to 2001
were obtained from the website of Harvard Forest (http://
www-as.harvard.edu/data/nigec-data.html). Daily measured
NEE flux data and derived GPP and ecosystem respiration
(R) at Harvard Forest from 1998 to 2001 were provided by
researchers at Harvard Forest. Daily climate and CO2 flux
data were aggregated to the 10-day interval as defined by
the 10-day composite VGT images (see Section 3.2) and the
8-day interval as defined by the 8-day composite MODIS
images (see Section 3.3), respectively. For the VGT-based
analysis, we calculated 10-day sums of PAR and CO2 flux
data, and 10-day means of air temperature. For the MODISbased analysis, we calculated 8-day sums of PAR and CO2
flux data, and 8-day means of air temperature.
We also obtained a LAI data set from the website of
Harvard Forest (ftp://ftp.as.harvard.edu/pub/nigec/
HU_Wofsy/hf_data/ecological_data/). This data set contains
measurements of LAI taken in each of the 40 ecological
monitoring plots during leaf out and leaf fall periods of 1998
(16 sampling dates) and 1999 (11 sampling dates). The LAI
value for each plot is an average of five readings taken with
a LICOR-2000 Plant Canopy Analyzer instrument, and
calculated using the LICOR-2000 software. Here, we simply calculated the mean and standard deviation of LAI over
the 40 plots for each sampling date. The fraction of
photosynthetically active radiation absorbed by the vegetation canopy (FAPAR) was then calculated using the mean
LAI values, light extinction coefficient (k = 0.5) and the
equation (Ruimy et al., 1999):
FAPAR ¼ 0:95ð1  ekLAI Þ

ð14Þ

3.2. Ten-day composite images from VGT sensor
The VGT sensor onboard the SPOT-4 satellite has four
spectral bands: blue (0.43 –0.47 Am), red (0.61 – 0.68 Am),
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NIR (0.78 – 0.89 Am) and SWIR (1.58 –1.75 Am). The VGT
sensor provides daily global images at 1-km spatial resolution. The standard 10-day composite data (VGT-S10) are
produced and freely available to the public (http://www.
free.vgt.vito.be). The temporal compositing method for
generating standard 10-day synthetic products (VGT-S10)
is to select an observation with the maximum NDVI value
within a 10-day period. There are three 10-day composites
within a month: days 1– 10, days 11 –20 and day 21 to the
end of the month.
We acquired the VGT-S10 data (http://www.free.vgt.
vito.be) over the period from April 1 –10, 1998 to December
21 –31, 2001 for the globe (a time series data of 135 VGTS10 images). Vegetation indices (NDVI, EVI, LSWI) were
calculated for all the 10-day composite images (VGT-S10).
A detailed description of the pre-processing and calculation
of vegetation indices from VGT-S10 data were given
elsewhere (Xiao et al., 2003). For a time series of vegetation
index, we used a simple gap filling method (Xiao et al.,
2003) to fill vegetation index values of those cloudy pixels
identified by the quality flag in the VGT-S10 reflectance
files. We first selected a three-point time series filter,
X(t  1), X(t) and X(t + 1) and used values of non-cloudy
pixels in this window to correct cloudy pixel. If both
X(t  1) and X(t + 1) pixels were cloud-free, we calculated
the average of X(t  1) and X(t + 1), and used the average
value to replace X(t). If only one pixel (either X(t  1) or
X(t + 1)) was cloud-free, we used that pixel to replace X(t). If
the algorithm did not succeed in a three-point time series
filter, we then extended to a five-point time series filter,
X(t  2), X(t  1), X(t), X(t + 1), X(t + 2), using the same
procedure as the above three-point time series filter.
In this study, we extracted spectral bands and vegetation
indices data for one 1-km pixel that covers the eddy flux
tower site at Harvard Forest. We recognized the geo-location
error of optical sensors (both VGT and MODIS sensors),
which becomes larger when the sensor is off-nadir. The
conventional approach is to calculate the average of an
N  N pixel block (e.g., N is often set to be 3 or 5 pixels,
or large number), and to use the averaged values in model
simulations and compare simulation results with the ground
truth data. Note that the footprint size of the forest flux tower
site is often at a few hundreds of meters to 1 km, although it
varies substantially dependent upon the height of flux tower,
wind direction, speed, topography, etc. The average of an
N  N pixel block may generate representation of a ‘‘pseudo
pixel’’ that is not consistent (often too large) in spatial
domain with the tower footprint, and the problem could
become worse in the landscape of complex topography. As
our long-term goal is to generate global GPP estimates at the
original image spatial resolution (e.g., 1 km for VGT sensor
and 500 m for MODIS sensor), we are interested in the
performance of the VPM model at the single pixel level.
Therefore, in this study, we reported data analyses and
simulation results for a single image pixel (for both VGT
and MODIS images), instead of an N  N pixel block.

3.3. Eight-day composite images from MODIS sensor
The MODIS sensor onboard the NASA Terra satellite
was launched in December 1999. Of the 36 spectral bands in
the MODIS sensor, seven spectral bands are primarily
designed for the study of vegetation and land surface: blue
(459 – 479 nm), green (545 – 565 nm), red (620 –670 nm),
near infrared (841 –875 nm, 1230 – 1250 nm) and shortwave
infrared (1628 –1652 nm, 2105 –2155 nm). The MODIS
sensor acquires daily images of the globe at a spatial
resolution of 250 m for red and near infrared (841 – 875
nm) bands, and at a spatial resolution of 500 m for blue,
green, near infrared (1230 –1250 nm) and shortwave infrared bands. The MODIS Land Science Team provides a suite
of 8-day composite products to the users (http://www.
modis-land.gsfc.nasa.gov/), including the 8-day Surface
Reflectance product (MOD09A1) that has the above seven
spectral bands, and the 8-day Lear Area Index and Fraction
of Photosynthetically Active Radiation absorbed by the
Vegetation Canopy (LAI/FPAR product, MOD15A2). The
LAI/FPAR products were derived from the LAI/FPAR
algorithms described by Knyazikhin et al. (1998). Both
the MODIS surface reflectance and LAI/FPAR data sets
have a spatial resolution of 500 m and are provided to users
in a tile fashion (each tile covers 10j latitude by 10j
longitude).
We downloaded the 8-day Surface Reflectance (MOD09A1) and the 8-day LAI/FPAR data sets for the period of 1/
2001– 12/2002 from the EROS Data Center, US Geological
Survey (http://www.edc.usgs.gov/). Note that there were no
MODIS data acquisitions during June 10 to July 3, 2001
because the MODIS sensor experienced technical failure.
Reflectance values of the 8-day surface reflectance data set
from these four spectral bands (blue, red, near infrared (841 –
875 nm), shortwave infrared (1628 – 1652 nm)) were used to
calculate vegetation indices (NDVI, EVI and LSWI). The
procedure employed for gap filling of cloudy pixels in the
time series of vegetation indices was the same as that used for
the VEGETATION data set (see Section 3.2).
Based on the geo-location information (latitude and
longitude) of the CO2 flux tower site at Harvard Forest,
data of vegetation indices and FAPAR were extracted from
one MODIS pixel that is centered on the flux tower. We
included the MODIS data in 2002 in this study to check
whether the seasonal patterns of vegetation indices are
consistent in 2001 and 2002. Because CO2 flux data in
2002 are not available for this study, simulations of the
VPM model are driven by MODIS images in 2001.
3.4. Simulations of the VPM model
Two simulations of the VPM model were conducted in an
effort to evaluate the potential of VGT and MODIS sensors.
First, we ran the VPM model using multi-year vegetation
indices (EVI, LSWI) derived from 10-day VGT composites,
site-specific air temperature and PAR data in 4/1998 –12/
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2001. Secondly, we conducted a simulation of the VPM
model using vegetation indices (EVI, LSWI) derived from
the 8-day MODIS surface reflectance product, site-specific
air temperature and PAR data from the tower site in 2001. In
both simulations, the VPM-predicted GPP values were
compared with observed GPP data at the flux tower site.

4. Results
4.1. Temporal analyses of CO2 fluxes and VGT data in
1998 –2001
The NEE and GPP time series during 1998– 2001 at
Harvard Forest had a distinct seasonal cycle (Fig. 1a). GPP
values were near zero in winter season (December, January,
February), because the deciduous dominated canopy is bare
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and low air temperature and frozen soil inhibit photosynthetic activities of conifer trees (Fig. 1a). GPP began to
increase in late March and reached its peak in late June to
early July. GPP declined rapidly after its peak, despite the
fact that LAI changed little over the period between July and
September (Fig. 2a). The seasonal dynamics of GPP can be
explained in part by the seasonal dynamics of air temperature and PAR (Fig. 1b).
The comparisons between vegetation indices (EVI,
NDVI) and GPP have shown that the seasonal dynamics
of EVI better mimic those of GPP in terms of phase and
amplitude (Fig. 3). EVI curves had a peak value in early
July, while NDVI curves had a plateau from July to
September. When using all the observations in 1998 –
2001 (Fig. 3), EVI had a stronger linear relationship with
GPP than NDVI (Fig. 4). The relationship between EVI and
GPP indirectly supports our hypothesis that FAPARPAV

Fig. 1. The seasonal dynamics of net ecosystem exchange of CO2 (NEE), gross primary production (GPP), photosynthetically active radiation (PAR) and mean
air temperature from 1998 to 2001 for the deciduous broadleaf forest at Harvard Forest, Massachusetts.
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during the plant growing season can be estimated by an
improved vegetation index (e.g., EVI in this study).
The time series of LSWI data have a distinct seasonal
cycle with a spring trough and a fall trough (Fig. 5). The
high LSWI values in late fall, winter and early spring are
attributed to snow cover (above or below the canopy). The
green-up period for the calculation of Pscalar is defined as the
period from the date that had the minimum LSWI in spring
to the date that had the maximum LSWI in early summer.
We calculated the means of LSWI for each of the 10-day
periods over the 4-year (1998 – 2001) data (Fig. 5), and the
maximum LSWI (LSWImax = 0.40, in June 1– 10) within
April –June (the green-up period) was selected as an estimate of LSWImax and used in the calculation of Wscalar.
At a temporal resolution of 10 days, the predicted GPP
(GPPpred) from the VPM model agreed reasonably well with
observed GPP (GPPobs) data from 1998 to 2001 (Figs. 6 and
7). The seasonal dynamics of GPPpred were similar to those
of GPPobs in terms of phase and magnitude (Fig. 6).
Seasonally integrated GPPobs over the period of April 1 to
November 30 accounted for 98% of annual GPPobs (Table
1). In comparison to the seasonally integrated GPPobs
values, seasonally integrated GPP pred was + 11% (in
1998), + 9% (in 1999),  16% (in 2000) and  9% (in
2001), respectively (Table 1).
4.2. Temporal analyses of CO2 flux and MODIS data in
2001– 2002
Fig. 2. The seasonal dynamics of leaf area index (LAI) and fraction of
photosynthetically active radiation absorbed by the vegetation canopy
(FAPAR) in 1998 – 1999 at Harvard Forest, Massachusetts.

The NDVI curve derived from the standard 8-day
MODIS surface reflectance products in 2001– 2002 had a

Fig. 3. The seasonal dynamics of gross primary production (GPP), Enhanced Vegetation Index (EVI) and Normalized Difference Vegetation Index (NDVI)
during 1998 – 2001 at Harvard Forest, Massachusetts.
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Fig. 4. Simple linear regression analyses between gross primary production (GPP) of forest and vegetation indices (NDVI, EVI) during 4/1998 – 12/2001 at
Harvard Forest, Massachusetts.

Fig. 5. The seasonal dynamics of VGT-derived Land Surface Water Index
(LSWI) in 4/1998 – 12/2001 at Harvard Forest, Massachusetts.

distinct seasonal cycle, with a plateau in summer (Fig. 8).
The FAPAR curve from the standard LAI/FPAR product had
very similar seasonal dynamics to the NDVI curve. Because
no field-measured LAI data in 2001 and 2002 are available
for this study, we used field-measured LAI data in 1998–
1999 (Fig. 2a) to calculate FAPAR (see Eq. (14)). Based on
the field measured LAI data in 1998 – 1999 (Fig. 2a),
FAPAR had a maximum value of 0.83 in 1998 and 0.85
in 1999 (Fig. 2b). No major disturbance took place between
1998 and 2002 at the Harvard Forest, therefore, the MODISbased FAPAR in the plant growing season seems to agree
reasonably well with the LAI-based FAPAR in terms of
phase and magnitude (Figs. 2b and 8).
The EVI curve differs substantially from the NDVI and
FAPAR curves, and has a distinct seasonal dynamics with a
peak value in late June to early July over 2001– 2002 (Fig.
8). In June 2– 9, 2001, the EVI value was 0.66 and the
FAPAR value was 0.89 (Fig. 8). As we hypothesize that EVI
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Fig. 6. The seasonal dynamics of predicted gross primary production (GPP) from the VPM model and observed GPP at Harvard Forest during 4/1998 – 12/
2001. Vegetation indices (EVI, LSWI) derived from the 10-day VGT composite images (VGT-S10), site-specific air temperature and PAR data were used in
simulation of the VPM model.

approximates FAPARPAV and FAPARNPV is calculated as the
difference between FAPAR and EVI, the FAPARNPV in June
2 –9, 2001 was estimated to be 0.23 (0.89 – 0.66 = 0.23),
accounting for ~26% of the total FAPAR (=(0.89  0.66)/
0.89). In 2001, the observed GPP increased gradually from
April and reached its peak value in late June (Fig. 9a). The
seasonal dynamics of GPP in 2001 can be partially
explained by the seasonal dynamics of temperature and
PAR (Fig. 9b). The observed GPP in 2001 had similar
seasonal dynamics with EVI in the plant growing season,
with a peak value in an 8-day period of late June (Fig. 9a).
The EVI time series data had a stronger linear relationship
with observed GPP than did the NDVI time series in 2001
(Fig. 10). High EVI and LSWI values in late fall, winter and
early spring are attributed to snow cover. The time series of
LSWI data also had a spring trough and a fall trough in 2001
(Fig. 9a). The maximum LSWI (LSWImax = 0.43, in June
2 – 9, 2001) during the green-up period (April –June) of
2001 was selected as an estimate of LSWImax (Fig. 9a)
and then used in calculation of Wscalar.
Simulation of the VPM model was run using vegetation
indices (EVI, LSWI) derived from the 8-day MODIS
Surface Reflectance Product, site-specific air temperature
and PAR data in 2001. The seasonal dynamics of predicted

GPP in 2001 agreed reasonably well the observed GPP in
terms of phase and magnitude (Fig. 11a). The simple linear
regression model also shows high correlation between
predicted GPP and observed GPP in 2001 (Fig. 11b).

5. Discussions and summary
As the leaf phenological cycle (leaf flush, expansion,
senescence, fall) progresses, leaves of the deciduous forest
canopy change in their biophysical (e.g., leaf structure and
thickness), biochemical (e.g., chlorophyll and other pigments, nitrogen) and optical properties, which in turn
influence both biophysical parameters (e.g., albedo, latent
and sensible heat flux) and biogeochemical parameters (e.g.,
photosynthesis) of the land surface. Limited studies had
evaluated radiometric and biophysical performance of vegetation indices (EVI, NDVI) from MODIS data (Huete et
al., 2002) and for VGT data (Xiao et al., 2003, 2004). In this
study, we evaluated the biophysical performance of vegetation indices (NDVI and EVI) in relation to GPP of a
deciduous broadleaf forest. The quantitative relationships
between the vegetation indices (EVI and NDVI) and CO2
flux data clearly demonstrated the improvement of EVI over
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Fig. 7. A simple linear regression analysis between predicted gross primary
production (GPP) from the VPM model and observed GPP at Harvard
Forest during 4/1998 – 12/2001. Vegetation indices (EVI, LSWI) from the
10-day VGT composites, site-specific air temperature and PAR data were
used in simulation of VPM model. A total of 110 GPPpred values in 4/
1998 – 12/2001 were used in the simple linear regression analysis:
GPPpred = 0.97  GPPobs, r2 = 0.92, N = 110, p < 0.0001.

NDVI, in terms of the phase and magnitude of photosynthesis of deciduous broadleaf forests. Time series of EVI
and LSWI may provide valuable insight into the processes
(e.g., growing season length and water stress) that regulate
forest carbon exchange. NEE during the 1998 and 2001
growing seasons were extremes among the multi-year
(1991 –2002) NEE data from the flux tower site at Harvard
Forest. Net uptake of CO2 was about 1/3 below and 1/2
above the long term mean in 1998 and 2001, respectively,
and was driven by anomalous GPP in both years (Urbanski,
unpublished data). In 1998, low LSWI in the late summer
indicates some degree of water stress (Fig. 5), and the rapid
October decline of both EVI and LSWI indicates an early
senescence of leaves (Figs. 3 and 5). High EVI and LSWI in
May of 2001 indicate a rapidly developing and photosynthetically active canopy, and high LSWI in mid-October of
2001 indicates a late senescence of leaves. The integrated
EVI over the summer months (June – August) of 2001 is the
highest of the four years (1998 – 2001). The observed differences between the improved vegetation indices (EVI and
LSWI) and NDVI clearly highlights the needs for radiative
transfer modeling and seasonal-long field measurements of
biophysical, biochemical and optical properties at the leaf
and canopy levels, which would lead to improving our
understanding of the seasonal dynamics and biophysical
performance of improved vegetation indices (e.g., EVI,
LSWI in this study) for deciduous broadleaf forests.
In addition to EVI, a set of the ‘‘Advanced Vegetation
Indices’’ that are optimized for the retrieval of FAPAR from
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individual optical sensors have been developed (Gobron et
al., 1999, 2000; Govaerts et al., 1999). Detailed information
on mathematical formulae and parameters of these advanced
vegetation indices was given elsewhere (Gobron et al.,
2000). The implementation of these vegetation indices
requires the Top-of-Atmosphere (TOA) bidirectional reflectance factors (BRFs) data as input data, and blue band is
used to rectify red and NIR bands (Gobron et al., 2000).
These sensor-specific advanced vegetation indices have
been optimized for the Medium Resolution Imaging Spectrometer (MERIS), the Global Imager (GLI) and the VEGETATION sensors. Clearly, there is a need to examine those
advanced vegetation indices in relation to leaf phenology
and the seasonal dynamics of GPP across the flux tower
sites in various biomes.
The simulation results of the VPM model have shown
that predicted GPP agreed well with observed GPP of a
temperate deciduous broadleaf forest at the Harvard Forest.
The results from this study of deciduous broadleaf forest
and an earlier study of evergreen needleleaf forest (Xiao et
al., 2004) indirectly support the PAV – FAPARPAV – EVI
hypotheses and leaf water – LSWI hypothesis implemented
in the VPM model. Recently, the standard MODIS-based
GPP estimates (8-day composite) from the MODIS-PSN
algorithm that uses FAPAR and water vapor pressure deficit
(Running et al., 1999) become available to the public. The
standard GPP products (MOD17A2, Collection 4) of 2001
(tile H12V04, covering the Harvard Forest) were downloaded from the EROS Data Center, US Geological Survey
(http://www.edc.usgs.gov). The comparison between predicted GPP from the MODIS-PSN algorithm with observed
GPP from the CO2 eddy flux tower in the Harvard Forest
clearly shows the MODIS-PSN algorithm does not work
well for the deciduous broadleaf forest (Fig. 12). The
MODIS-PSN algorithm over-estimated GPP in the early
part (April) of the plant growing season and under-estimated
GPP from June to September. The similar situation was also
reported in another study that used the MODIS-PSN algorithm for the Harvard Forest site (Turner et al., 2003a). That

Table 1
Annual gross primary production (g C/m2, from January 1 to December 31,
GPP1 – 12) and seasonally integrated sums (April 1 to November 30) of
gross primary production (GPP4 – 11), photosynthetically active radiation
(PAR4 – 11, mol/m2) and precipitation (PPT4 – 11, mm) at Harvard Forest,
Massachusetts
Year Tower site dataa

VPM model NPPb

Site information

GPP1 – 12 GPP4 – 11 GPPpred(4 – 11) NPPpred(4 – 11) PAR4 – 11 PPT4 – 11
1998
1999
2000
2001
Mean
a

1191
1391
1424
1580
1397

1164
1369
1392
1561
1372

1298
1486
1169
1416
1342

610
698
549
656
628

7257
7963
6727
7659
7402

581
647
731
520
620

Tower site data — based on daily GPP data at the flux tower.
NPP (g C/m2)—based on the NPP/GPP ratio = 0.47 (Waring et al.,
1998), NPPpred(4 – 11) = 0.47 *GPPpred(4 – 11).
b

266

X. Xiao et al. / Remote Sensing of Environment 91 (2004) 256–270

Fig. 8. The seasonal dynamics of vegetation indices (EVI, NDVI, LSWI) derived from the 8-day MODIS Surface Reflectance Product (MOD09A1) and
FAPAR from the 8-day MODIS Leaf Area Index and Fraction of Photosynthetically Active Radiation Absorbed by the Vegetation Canopy Product (LAI/FPAR
Product, MOD15A2) in 2001 – 2002 at Harvard Forest, Massachusetts. EVI—Enhanced Vegetation Index; NDVI—Normalized Difference Vegetation Index;
LSWI—Land Surface Water Index.

study also reported that the site-specific daily minimum
temperature and vapor pressure deficit are highly correlated
to those from the NASA Data Assimilation Office (DAO) at
the coarse spatial resolution, and site-specific daily PAR is
slightly lower than PAR from the DAO at the coarse spatial
resolution (Turner et al., 2003a). Therefore, the large discrepancies between predicted GPP from the MODIS-PSN
algorithm and observed GPP from the flux tower (see Fig.
12 and Turner et al., 2003a) are not likely to be explained by
climate input data (site specific data versus the DAO data).
Similar to the other PEMs (Behrenfeld et al., 2001; Field et
al., 1998; Potter et al., 1993; Prince & Goward, 1995), the
MODIS-PSN algorithm (Running et al., 1999; Turner et al.,
2003a) is built upon the LAI – FAPAR – NDVI relationships.
As the VPM model is built upon the PAV –FAPARPAV – EVI
hypotheses, a comparison between the VPM model and the
MODIS-PSN and other PEMs across many CO2 eddy flux
tower sites is needed in the future.
Among simulation results of the VPM model, there were
large differences between GPPpred and GPPobs for a few 10day periods (Fig. 6), accounting for most of the differences
between seasonally integrated GPPobs and GPPpred (Table
1). The large discrepancy between GPPobs and GPPpred in
those 10-day periods can be attributed in part to prediction
error of GPPpred from the VPM model and in part to
estimation error of GPPobs. One factor that affects GPP
predictions of the VPM model is the vegetation indices
from 10-day composite images. The compositing method
(currently selecting an observation with the maximum
NDVI value in a 10-day period) could result in some bias,
and one resolution to the issue would be to use daily images
as input to the VPM model, although this would requires
substantial increases in computer processing. In some case,

under-estimation of GPP from the VPM model is attributed
to lower input PAR values. For instance, the PAR value in
July 21– 31, 2000 was low, because of frequent cloud cover
as indicated by a large amount of precipitation in that 10day period, and the VPM model predicted a lower GPP
value (Fig. 6). For applications of the VPM model at large
spatial scales, PAR is the most critical variable in the
estimation of the seasonal dynamics of GPPpred, but it
varies substantially over space and time. Therefore, improvement in measurement of PAR (both direct and diffusive) at large spatial scale would substantially benefit the
VPM and other models that estimate GPP of terrestrial
ecosystems. The estimation error (either overestimation or
underestimation) of GPPobs at the daily time scale should
also be considered. GPPobs is calculated from field-measured NEE (NEEobs) and ecosystem respiration (Rday and
Rnight): NEEobs = GPPobs  (Rday + Rnight). While night-time
NEE is equivalent to night-time ecosystem respiration
(Rnight), there is large uncertainty in estimating daytime
ecosystem respiration (Rday). For a given value of NEE as
measured by the eddy-covariance method, an error in the
estimation of Rday would result in an error in the estimation
of GPP. The two major steps that must be taken to derive
daily GPP are the gap filling of both NEE and Rday. Both of
these steps require subjective decisions and are currently
the subject of a great deal of discussion (Falge et al., 2001).
Note that there is no objective data set available to validate
GPP estimates from the various methods of gap filling of
NEE and Rday. The daily GPP data we used in this study
represent the average values of daily GPP from three
different gap filling methods.
Calculation of GPP is the first step in the study of the
carbon cycle of terrestrial ecosystems. Estimation of an-
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Fig. 9. The seasonal dynamics of vegetation indices (EVI, LSWI) derived from the 8-day MODIS Surface Reflectance Product (MOD09A1), observed gross
primary production (GPPobs), air temperature (Tair) and photosynthetically active radiation (PAR) in 2001 at Harvard Forest, Massachusetts. EVI—Enhanced
Vegetation Index; LSWI—Land Surface Water Index.

nual NPP of terrestrial ecosystems, which is defined as the
difference between GPP and autotrophic respiration of
vegetation, is also needed. Annual carbon budgets were
assembled for six evergreen forests and one deciduous
forest in Oregon, USA, three pine plantations in New
South Wales, Australia, a deciduous forest in Massachusetts, and a Nothofagus forest on the South Island of New
Zealand (Waring et al., 1998). The comparative analysis
indicated that the total NPP/GPP ratio was conservative
(0.47 F 0.04 S.D.). In this study, we used the invariant
NPP/GPP ratio to estimate annual NPP of deciduous
broadleaf forest at Harvard Forest. Using the seasonally
integrated GPPpred from April 1 to November 30, seasonally integrated NPP ranges from 549 g C/m2 in 2000 to
698 g C/m2 in 1999, with a 4-year mean of 628 g C/m2
(Table 1). Based on the field data at Harvard Forest (Aber

et al., 1993; Williams et al., 1997), Waring et al. (1998)
reported an aboveground NPP of 457 g C/m2/year and a
belowground NPP of 202 g C/m2/year, resulting in an
annual NPP of 659 g C/m2/year, which is within the range
of annual NPP estimates from 1998 to 2001 from the VPM
model (Table 1).
In summary, this study has clearly shown that the
improved vegetation indices (EVI, LSWI) from the VGT
and MODIS sensors provide far more information on the
seasonal dynamics of deciduous broadleaf forest at the leaf
and canopy levels than NDVI and FAPAR. This study has
also demonstrated that the potential of the VPM model for
quantifying the seasonal dynamics and interannual variations of GPP of deciduous broadleaf forest, using improved vegetation indices (EVI, LSWI) from the VGT
and MODIS sensors. At present, over 200 CO2 eddy flux
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Fig. 10. The simple linear regression analyses between observed gross
primary production and vegetation indices (EVI, NDVI) derived from the 8day MODIS Surface Reflectance Product (MOD09A1) in 2001 at Harvard
Forest, Massachusetts.

tower sites in the world constitute a global FLUXNET
network (http://www.daac.ornl.gov/FLUXNET/fluxnet.
html). Abundant data of CO2, H2O and energy flux for a
variety of ecosystem types have been accumulated. Data
on site vegetation, soil, hydrologic and meteorological
characterization at the tower sites have also been collected.
Multi-year GPP data from those eddy flux tower sites can
be used to validate the VPM model. The availability of
those data from the flux tower sites will take some time,
because analysis and publication of those flux data are
time consuming. Once data from most flux tower sites
become available to the public in the near future, a megadata analysis of CO2 fluxes, climate and vegetation indices
across various ecosystem types will help quantify the
uncertainty of the VPM model, including the maximum
light use efficiency (e0) across various vegetation types
(Ruimy et al., 1995). With further validation and development, the VPM model has the potential to be applied at
large spatial scales to estimate GPP of forests, which
would improve our understanding of the carbon cycle of
the terrestrial biosphere.

Fig. 11. A comparison between the predicted and observed gross primary
production (GPP) in 2001 at Harvard Forest, Massachusetts. Vegetation
indices derived from the 8-day MODIS Surface Reflectance Product
(MOD09A1), and site-specific air temperature and PAR data were used in
simulation of the VPM model.

Fig. 12. A comparison between predicted gross primary production (GPP)
from the standard MODIS GPP/NPP product (MOD17A2) and observed
GPP from the flux tower site in 2001 at Harvard Forest, Massachusetts. The
MODIS-PSN algorithm (Running et al., 1999; Turner et al., 2003a) is used
to generate the standard MODIS GPP/NPP product (MOD17A2), which is
now available to the public (http://www.edc.usgs.gov).
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