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[1] Water stress is one of the most important limiting factors controlling terrestrial
primary production, and the performance of a primary production model is largely
determined by its capacity to capture environmental water stress. The algorithm that
generates the global near-real-time MODIS GPP/NPP products (MOD17) uses VPD
(vapor pressure deficit) alone to estimate the environmental water stress. This paper
compares the water stress calculation in the MOD17 algorithm with results simulated
using a process-based biogeochemical model (Biome-BGC) to evaluate the performance
of the water stress determined using the MOD17 algorithm. The investigation study areas
include China and the conterminous United States because of the availability of daily
meteorological observation data. Our study shows that VPD alone can capture interannual
variability of the full water stress nearly over all the study areas. In wet regions, where
annual precipitation is greater than 400 mm/yr, the VPD-based water stress estimate in
MOD17 is adequate to explain the magnitude and variability of water stress determined
from atmospheric VPD and soil water in Biome-BGC. In some dry regions, where soil
water is severely limiting, MOD17 underestimates water stress, overestimates GPP, and
fails to capture the intraannual variability of water stress. The MOD17 algorithm should
add soil water stress to its calculations in these dry regions, thereby improving GPP
estimates. Interannual variability in water stress is simpler to capture than the seasonality,
but it is more difficult to capture this interannual variability in GPP. The MOD17
algorithm captures interannual and intraannual variability of both the Biome-BGC-
calculated water stress and GPP better in the conterminous United States than in the
strongly monsoon-controlled China.
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[3] Terrestrial net primary production (NPP), equal to the
difference between gross primary production (GPP) and
autotrophic respiration (Ra), plays an important role in the
carbon balance of the biosphere. NPP is receiving increased
attention not only because it is related to the global carbon
cycle, but also because it is greatly influenced by the
associated effects of changing climate on the carbon cycle
[Prentice et al., 2001]. Photosynthesis is the only process by
which to assimilate CO, from the atmosphere into terrestrial
primary production, and stomata are the major pathways for
transfer of trace gases between vegetation and the atmo-
sphere. The stomatal conductance and photosynthetic as-
similation rate are largely controlled by environmental
factors such as irradiance, temperature, water availability,
and nutrition [Wong et al., 1985a, 1985b, 1985c; Lange et
al., 1987]. Therefore global terrestrial primary production

1. Introduction

[2] Water availability is the primary limiting factor for
vegetation growth over 40% of the Earth’s vegetated
surface, while an additional 33% is limited by cold temper-
atures and frozen water, further limiting water availability
for plant growth [Nemani et al., 2003]. Vegetation responds
to water deficits in several ways [Waring and Running,
1998]. Even mild soil water deficits begin to inhibit cellular
expansion, xylem water flow from roots to leaves, and
phloem sugar transfer in the stems of growing plants. Lack
of mobile water has similar impacts on reducing plant leaf
area, transpiration, growth, and related ecosystem activity
[Running and Kimball, 2005].
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models incorporate these environmental factors to study the
terrestrial carbon balance and vegetation dynamics under a
changing climate [Cramer et al., 1999; Arora, 2002]. Plant
water deficits induce progressive leaf stomatal closure,
reducing plant water loss via transpiration while also slow-
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ing photosynthesis and canopy-atmosphere gas exchange.
Sustained drought will produce early leaf senescence and
shedding and may impact ecosystem leaf area for a number
of years [Running and Kimball, 2005]. During most of the
growing season, when light and temperature are great
enough to maximize stomatal conductance, water limitation
is the dominant climatic controller of stomatal conductance.
There are different approaches to introducing water limi-
tations on primary production in different models, and for
most process-based ecosystem models, water limitations are
calculated for both the soil and the air [Churkina et al.,
1999].

[4] The Biome-BGC ecosystem model is a process-
based biogeochemical model, simulating ecosystem cycles
of carbon, water and nitrogen at regional and global scales
[Running and Hunt, 1993; White et al., 2000; Thornton et
al., 2002]. The water stress calculation in Biome-BGC is
determined by the combined stresses from soil-leaf water
potential (PSI) and the atmospheric water vapor pressure
deficit (VPD; details in section 2.1). The operational
MODIS (Moderate Resolution Imaging Spectroradiometer)
Production Efficiency Model (MOD17) on the Terra satel-
lite is used to generate 8-day near-real-time vegetation
primary production [Zhao et al., 2005] (also F. A. Heinsch
et al., User’s Guide GPP and NPP (MOD17A2/A3) Prod-
ucts NASA MODIS Land Algorithm, 2003, available at
http://www.ntsg.umt.edu/modis/MOD17UsersGuide.pdf).
MOD17 is based on the radiation use efficiency logic
suggested by Monteith [Monteith, 1972, 1977; Running
et al., 2000, 2004], and the model is similar to existing
production efficiency models [Prince and Goward, 1995;
Potter et al., 1993; Ruimy et al., 1994; Field et al., 1995].
One key difference between MOD17 and Biome-BGC is
the implementation of water stress control through VPD
(MOD17) instead of soil moisture (Biome-BGC; details in
section 2.2). Although there are justifications for using
only VPD in calculating MOD17, and the MODIS GPP
has been validated at the site level using a number of eddy
covariance flux tower measurements across different cli-
matic regimes and biome types [Turner et al., 2003, 2005,
2006; Heinsch et al., 2006], there is little known about the
capability of MOD17 to capture interannual and intraannual
water stress variability on GPP at the regional level. Previous
studies have demonstrated that Biome-BGC can accurately
simulate vegetation production [Kimball et al., 1997b,
1997¢; Thornton et al., 2002]. The purpose of this paper is
to compare the results from MOD17 with those simulated by
Biome-BGC to (1) evaluate if the MOD17 algorithm can
express the water stress coming from both atmospheric VPD
and soil water, and (2) ascertain if regional MOD17 GPP
estimates are reasonable.

[5] Both models require daily gridded meteorology data,
however, daily observation stations in most areas of the
globe are very sparse, especially in the tropics. In addition,
existing global gridded climate data sets interpolated from
observations such as the Climatic Research Unit data set
(CRU at the University of East Anglia) [New et al., 2000]
are monthly and not daily. The meteorology reanalysis data
sets, such as ECMWF (European Centre for Medium-Range
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Weather Forecasts) and NCEP/NCAR (National Centers
for Environmental Prediction/National Center for Atmo-
spheric Research) reanalysis data, are not accurate enough
to be used to drive ecosystem models [Zhao et al., 2006],
particularly for precipitation [Janowiak et al., 1998]. As a
result, we have confined our study regions to China and
the conterminous United States because of the availability
of relatively long-term daily observed surface meteorolog-
ical data sets required by both models. China and the
United States are the third and fourth largest countries in
area in the world, respectively, and both countries have
diverse climatic regions and biome types [Hou, 1980;
Chabot and Mooney, 1985].

[6] China and the conterminous United States cover most
of the major climate types classified by Koeppe and
De Long [1958], and both countries contain all the biome
types listed in the recent MODIS UMD (University of
Maryland) global land cover analysis [Friedl et al., 2002].
The dominant limiting factor for most parts of the two
countries is water availability [Nemani et al., 2003]. The
water-limited areas of Europe, for example, are mostly
controlled by a Mediterranean climate, similar to parts of
the western United States. For these reasons, results from
the two countries should be applicable to most other
vegetated areas on earth.

2. Water Limitations on GPP in Biome-BGC
and MOD17

[7] Water stress for vegetation comes from both the soil
and the atmosphere. In the MOD17 algorithm, VPD is the
only variable directly related to environmental water stress,
while both VPD and soil moisture are used for water stress
calculations in Biome-BGC. The following subsections
describe them in detail.

2.1. Biome-BGC

[8] Biome-BGC (version 4.1.2) uses the canopy photo-
synthesis model proposed by De Pury and Farquhar
[1997]. The model uses a single layer sun/shade model,
separately integrating the sunlit and shaded leaf fractions of
the canopy, which is as accurate as and simpler than many
multilayer models [Sinclair et al., 1976; Sellers et al., 1992;
Wang and Jarvis, 1993; Leuning et al., 1995]. Leaf stomatal
conductance in the model is controlled in part by water
availability.

[9] The effect of water stress on leaf stomatal conduc-
tance in Biome-BGC is a combination of the stresses from
both soil-leaf water potential (PSI) and atmospheric water
vapor pressure deficit (VPD) [Rastetter et al., 1992; Cosby
and Hornberger, 1984; Landsberg, 1986; Korner, 1995].
When PSI is lower than a given threshold PSI (PSI close)
or VPD is higher than the VPD threshold (VPD_close),
water stress will cause stomata to close completely, halting
photosynthesis. On the other hand, when PSI is higher than
PSI open, and VPD is lower than VPD open, there will be
no water stress on the vegetation. With other conditions
(e.g., air temperature, light) being optimal, the stomata will
open fully, leading to a maximum rate of photosynthesis. In
the Biome-BGC model, the VPD multiplier (MVPD) is
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expressed in equation (1) and the PSI multiplier (MPSI) is
in (2).

1.0

VPD_close — VPD

MVPD =
VPD_close — VPD_open
0.0
1.0
MPSI — PSI_close — PSI

PSI_close — PSI_open
0.0

The final water stress scalar in Biome-BGC is expressed as
MVPD*MPSI (VPD/SM).

2.2. MOD17 Algorithms

[10] For MOD17 Collection 4.5, VPD is the only variable
directly related to environmental water stress. The MODIS
GPP is calculated as

GPP = emax X m(Tmin) x m(VPD) x FPAR x SWrad x 0.45,
(3)

where €. 1S the maximum light use efficiency, the
multipliers m(7min) and m(VPD) reduce e, under
unfavorable conditions of low temperature and high VPD,
respectively. FPAR is the fraction of absorbed Photosynthe-
tically Active Radiation, and SWrad is incoming shortwave
solar radiation. In this study, we concentrate on m(VPD)
(VPD_only). VPD only for MOD17 is calculated using the
same formula as Biome-BGC (equation (1)), except that
VPD open and VPD close have different threshold values
for different biome types than those in Biome-BGC.

[11] There are several practical and theoretical reasons for
using only VPD to represent environmental water stresses in
MOD17. Realistically, MODIS GPP is a near-real-time
global data set produced at a 1-km resolution and an
8-day interval. Owing to the unavailability of gridded global
surface observations in near-real-time, the input meteorology
data are obtained from global climate models (reanalysis).
Precipitation results from reanalysis data sets are highly
model-dependent and more problematic than temperature
estimates [Janowiak et al., 1998], and they are not accurate
enough for driving ecosystem models. Additionally, biases
exist by using different methods to calculate evapotranspi-
ration (ET [Vorésmarty et al., 1998]), and hence calculated
soil water will contain large uncertainties since soil water is
determined by precipitation minus both ET and runoff.
Furthermore, the calculation of soil water would tremen-
dously increase the computational expense resulting from
the increased number of inputs and modules required for
calculating the water balance for each vegetated MODIS
pixel. Theoretically, some studies have suggested that atmo-
spheric conditions reflect surface parameters [Bouchet,
1963; Morton, 1983], and VPD can be used as an indicator
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of environment water stress [Running and Nemani, 1988;
Granger and Gray, 1989]. Nemani et al. [2002, auxiliary

VPD < VPD_open
VPD_open < VPD < VPD _close (1)

VPD > VPD_close

PSI > PSI_open

PSI_open > PSI > PSI_close -

PSI < PSI_close

material] found that, for 1900—1993 in the conterminous
United States, ET and runoff were positively correlated with
precipitation, and, furthermore, that VPD was negatively
correlated with precipitation. As a result, VPD was nega-
tively and significantly related to soil water. There is also
substantial evidence suggesting that stomatal conductance
and photosynthesis are sensitive to variations in VPD
[Kawamitsu et al., 1993; Marsden et al., 1996; Dang et
al., 1997; Oren et al., 1999; Misson et al., 2004]. Addition-
ally, NDVI, calculated from satellite observations, has been
found to be related to water availability, especially for water
limited regions [Paruelo and Lauenroth, 1995; Schultz and
Halpert, 1995; Douglas and Prince, 1996; Nicholson et al.,
1998]. FPAR is linearly related to NDVI [Kumar and
Monteith, 1982; Asrar et al., 1984; Sellers, 1987], and leaf
area index (LAI) is also strongly related to NDVI [Nemani et
al., 1996], suggesting that the status of satellite-derived LAI
and FPAR indirectly reflects the water status of both the soil
and atmosphere. As a result, it is feasible to use VPD and
other water stress information provided by satellite-derived
FPAR in the MODI17 algorithm to represent environment
water stress.

3. Data and Methods

[12] The MODI17 algorithm requires vegetation data,
satellite LAI and FPAR data, daily temperature, VPD, and
solar radiation as model inputs for calculating primary
production. However, unlike the MODI17 algorithm,
Biome-BGC is a process-based model, which does not use
remotely sensed data such as LAI and FPAR as inputs.
Instead, it dynamically simulates LAI and other carbon and
water cycle components in ecosystems. Biome-BGC
requires prescribed vegetation and site conditions, meteo-
rology, and vegetation-specific parameter values to simulate
daily fluxes and states of energy, carbon, water, and nitrogen
for the vegetation and soil components of terrestrial ecosys-
tems [Thornton et al., 2002].

3.1. Daily Gridded Meteorology Data

[13] Daily meteorology data for both countries, including
daily precipitation, solar radiation, vapor pressure deficit
(VPD), temperature, and day length, were generated using

30of 13



G01012

Figure 1.
and (b) the conterminous United States averaged over 1982—1997. Vegetated regions are shown in color,
and the regions in white are nonvegetated areas, including water bodies, barren land and built-up areas.

the DAYMET algorithm [Thornton and Running, 1999;
Kimball et al., 1997a; Thornton et al., 1997] based on
available surface weather station observations. In China, the
resolution is 0.5° latitude/longitude, spanning 1961-2000.
The daily gridded 1-km DAYMET data for the contermi-
nous United States are available for 1980—1997 (http:/
www.daymet.org/).

3.2. Satellite Data

[14] The FPAR and LAI data set derived from AVHRR
(Advanced Very High Resolution Radiometer) spans the
period 1982-2000 [Myneni et al., 1997; Nemani et al.,
2003]. Considering this and the availability of the meteo-
rology data, the study period is 1982—1997 for the conter-
minous United States in this paper and 1982-2000 for
China. Available monthly AVHRR FPAR and LAI are at an
8-km resolution for the conterminous United States, so the
I-km meteorology data were aggregated to 8-km for the
conterminous United States. In China, the resolution of
AVHRR data is 0.5°, matching the resolution of the mete-
orological data.

3.3. Additional Ancillary Data Sets

[15] In China, both models use the aggregated 0.5° land
cover classifications developed by De Fries et al. [1998]; in
the conterminous United States, the dominant vegetation
data for each 8-km pixel is aggregated from the latest 1-km
MODIS Collection 4 land cover data [Fried! et al., 2002].
For Biome-BGC simulations over China, mixed forest is
treated as deciduous needle-leaf forest (DNF); woodland as
shrub; and crops and barren areas as grass. In the conter-
minous United States, crops, urban areas, snow and ice, and
barren pixels are treated as grass in Biome-BGC. Since
crops are treated as grass, irrigation, fertilization and pesti-
cide effects are ignored.

[16] In China, soil texture (percent sand/silt/clay) and soil
depth data for Biome-BGC inputs are derived from the
second soil inventory data [Zhang et al., 2005; Wang et al.,
2003]; in the conterminous United States, 8-km soil data are
aggregated from the State Soil Geographic (STATSGO) data
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set compiled by the Natural Resources Conservation Ser-
vice (NRCS; http://www.ofps.ucar.edu/gcip/soils.html). In
China, the 0.5° elevation data input for Biome-BGC is
integrated from the China national DEM (digital elevation
model) data provided by The Data Center for Resources and
Environmental Sciences (RESDC, Chinese Academy of
Sciences); while in the conterminous United States, eleva-
tion data are 8-km data aggregated from GTOPO30, a
global DEM created by the U.S. Geological Survey (USGS,
http://edcdaac.usgs.gov/gtopo30/gtopo30.asp).

4. Results and Analyses
4.1. Water Stress Scalars

[17] The temperature-defined growing season typically
starts in April and lasts until October, with most photosyn-
thesis occurring during this period. Therefore, to analyze the
intraannual and interannual variability of water stress and its
effects on GPP, we define the growing season as the period
from April to October. The annual and monthly results
presented in this paper are the results for the growing
seasons only unless otherwise specified.

4.1.1. Spatial Patterns of Water Stress Scalars
and GPP

[18] The change in soil water equals precipitation minus
both ET and runoff. Precipitation is the source of environ-
mental water, and as expected, it is the dominant climatic
factor responsible for terrestrial primary production in
China [Zhao et al., 2001; Cao et al., 2003; Tao et al.,
2003]. Increased precipitation and humidity also contributed
the most to the conterminous United States carbon cycle
during 1990—1993 [Nemani et al., 2002]. When there is
plenty of free soil water available, trees and grasses will
develop large leaf areas and transpire at higher rates
[Landsberg, 1999; Myers et al., 1996; Cromer et al.,
1993]. In light of this information, the spatial patterns of
observed precipitation and the Biome-BGC-simulated ET
are useful for understanding water stress conditions.

[19] The mean average annual total precipitation is shown in
Figure 1 (China: 1982—2000, the conterminous United States:
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Figure 2. Annual AVHRR LAI averaged over growing season (April through October) in (a) China
(1982-2000) and (b) the conterminous United States (1982—1997). Vegetated regions are shown in
color, and the regions in white are nonvegetated areas.

1982—-1997). In China, the highest precipitation (>1000 mm/yr)
occurs south to the downstream Yangtze River. The region
between the Yangtze River and the Yellow River, the Chang-
Bai-Mountain and the Xing-An-Ling areas have the second
highest precipitation (<1000 mm/yr, but >400 mm/yr), while
the lowest precipitation (<400 mm/yr) occurs in west China
and on the northeast China plain (Figure la). In the
conterminous United States, the precipitation is higher in
the east than in the west, with the notable exception of
some parts of the northwest. Most of the western United
States, where the land is predominately covered with
grasses and shrubs, has less than 400 mm/yr of precipitation
(Figure 1b). The spatial ET during the growing season has a
similar pattern to annual total precipitation for both
countries, where areas of low precipitation have low ET
and vice versa (not shown).

[20] While on a relatively short timescale (e.g., weekly or
monthly), remotely sensed LAI (strongly related to NDVI)
cannot reveal reduced photosynthesis resulting from water
stress [Running and Nemani, 1988], the averaged growing
season remotely sensed LAI over 16 or more years can
reflect the real conditions of the vegetation growth and
water availability [Goward et al., 1985; Running and
Nemani, 1988], especially for water limited regions as
discussed in the introduction (Figure 2). Generally, forests
have higher LAI than shrubs, grasses, and crops. For the
same biome type, AVHRR LAI is usually higher in wet than
in dry areas. Where LAI is high, there should be plenty of
available soil water, water stress should be low, and plants
should be productive. For example, for the grasslands and
crops in western China, the northeast China plain, the
Shandong peninsula, and the middle/western United States,
AVHRR LALI is lower than in other relatively wet crops and
grasslands. The water stress from both the atmosphere
and the soil should be strong, and primary production
should be small. AVHRR LAI reflects the same water stress
information as precipitation. For each biome type, then, the
remotely sensed GPP in dry areas should be lower than that
in wet areas.

[21] The annual and multiyear averaged monthly VPD/
SM and VPD_only are shown in Figure 3. For most parts of

both countries, the effect of VPD_only is higher than VPD/
SM especially in west China, on the northeast China plain,
along the southern to central Yangtze River, and in the
middle/western United States, where the primary land cover
types are grasses, crops, and shrubs. Biome-BGC calculates
the potential soil water stress without considering the
impacts of human activities on the water cycle (e.g.,
irrigation, drainage). Satellite-derived LAI and FPAR, how-
ever, can largely reveal the real water stress resulting not
only from the effects of VPD and precipitation, but also
from human influences. The combination of FPAR with
VPD_only (Figures 3e and 3f) should be able to indirectly
incorporate both soil water and human influence informa-
tion, as revealed in its similarity of AVHRR LAI (Figure 2).
In both countries, the water stress scalar VPD only is
higher than VPD/SM almost everywhere, particularly in
very dry areas such as west China. There is virtually no
water limitation effect on the MOD17 algorithm, indicating
that VPD only alone is insufficient. However, when
VPD only is combined with FPAR and the results are
compared with VPD/SM, the spatial patterns are similar,
indicating that the combination of the two MODIS variables
improves the water stress estimation of dry regions
(Figures 3e and 3f). As expected, the combination of
VPD only and FPAR is higher for wet regions than for
dry areas, but the differences between these wet regions and
some of the dry regions are not as great as they are for
AVHRR LAI VPD/SM is higher than the VPD_only/FPAR
combination for most parts of China and the conterminous
United States, but it is still lower in west China, the
northeast China plain, and the western United States
(Figures 3a and 3c and Figures 3e and 3f). For semihumid
agricultural regions such as the Shandong peninsula and the
central United States, where the LAI is lower than LAI in
other wet crop areas (Figure 2), the combination of
VPD only and FPAR has a similar magnitude to that of
VPD/SM (Figures 3¢ and 3f). This means that the combi-
nation of VPD only and FPAR still underestimates the
water stress in some dry regions, and soil water stress
should be considered to improve GPP estimates. To verify
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Figure 3. Annual water stress scalars averaged over growing season. (a) Biome-BGC water stress
scalars (VPD/SM) and (b) MODI17 water stress scalars (VPD only) in China; (¢) VPD/SM and
(d) VPD only in the conterminous United States; MOD17 VPD_only*FPAR in (e) China and (f) the
conterminous United States. Vegetated regions are shown in color, and the regions in white are

nonvegetated areas.

this conclusion, the spatial MOD17 GPP mean is examined
for the two countries below.

[22] In both China and the conterminous United States,
the overall spatial patterns of MOD17 GPP are reasonable,
with higher values for forests and shrubs, and lower values
for grasses and crops (Figure 4). In addition, the general
spatial pattern of MOD17 GPP is very similar to that of
AVHRR LAL. For the agricultural areas around the Shandong
peninsula and in the central United States, GPP is expected
to be low where LAI is low (Figure 2). However, MOD17
GPP is just as high for these regions as for the regions of
high LAI with the same land cover, suggesting that GPP is
overestimated by the MOD17 algorithm in these regions.
Recent validation activities by Leuning et al. [2005] for two
Australian flux towers (tropical savanna and temperate
forest) have shown similar results. They found that
MODI17 overestimated GPP at the savanna site during the
dry season but gave satisfactory estimates during the two

wet seasons. They improved GPP predictions significantly
for the savanna by modifying the MOD17 algorithm to
account for rainfall and potential evaporation, a surrogate
for soil water availability.

[23] These results suggest that the combination of
VPD only and FPAR in MODI17 still underestimates
the water stress in some water limited areas, and this
underestimated water stress leads to overestimation of
GPP in these dry regions. They confirm that soil moisture
should somehow be incorporated into the MOD17
algorithm, particularly in dry regions, to improve GPP
estimates.

4.1.2. Intraannual and Interannual Variations

[24] To explore if the MOD17 algorithm can capture the
intraannual and interannual variability of water stress sim-
ulated by Biome-BGC from both atmospheric VPD and soil
water, the spatial correlation between annual and monthly
VPD/SM and VPD only is calculated during the growing
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Figure 4. Annual MOD17 GPP summed over growing season in (a) China (1982—2000) and (b) the
conterminous United States (1982—1997). Vegetated regions are shown in color, and the regions in white

are nonvegetated areas.

season in China and the conterminous United States,
respectively. FPAR is not used for this analysis because it
is affected not only by the water stress but also by other
variables such as solar radiation, temperature, nutrient
availability, and human activity. In the annual analysis,
the threshold correlation coefficients (r) for China (19 years)
are 0.39 (p <0.1) and 0.46 (p < 0.05). For the conterminous
United States (16 years), threshold correlation coefficients
are 0.43 (p = 0.1) and 0.50 (p = 0.05). Since there are only
seven samples in the monthly correlation analysis during
the growing season, we were unable to test for significance.
The correlations are shown both by biome and spatially.
For the different biome types, the monthly and annual
correlation between VPD/SM and VPD only is spatially
aggregated on the basis of biome type. Since there is only
one pixel for DNF in the conterminous United States, we
ignore it in further analysis.

4.1.2.1. Interannual Variations

[25] The spatial correlation significance between annual
VPD/SM and annual VPD only is shown for China
(Figure 5a) and the conterminous United States (Figure 5b).
These two variables are significantly and positively corre-
lated for most of the conterminous United States (p < 0.1).
In China, although the correlation for most of the pixels
passes the p < 0.1 significance test, the correlation is
negative for a few pixels in western China and insignificant
for some pixels in western China, the Pearl Delta, and the
Xiao-Xing-An-Ling area. Such negative or insignificant
correlation might be caused by the following: (1) VPD_only
cannot capture the interannual variability of the environ-
mental water stress expressed by Biome-BGC VPD/SM and
(2) there are no weather stations available from Taiwan and
only a limited number in Xiao-Xing-An-Ling and western
China, especially on the Tibetan Plateau, in Xinjiang and in

ANN COR SIG
(APR_OCT)
>95%

M [90%,95%]
m [0%,90%]

1 cor<0.0

Figure 5. Spatial correlation significance between annual Biome-BGC water stress scalars (VPD/SM)
and MOD17 water stress scalars (VPD_only) in (a) China (1982—2000) and (b) the conterminous United
States (1982—1997). Vegetated regions are shown in color, and the regions in white are either
nonvegetated areas, or the areas where the standard deviation of annual water stress scalars is less than

1075,
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Figure 6. Histogram of annual correlation between Biome-BGC water stress scalars (VPD/SM) and
MOD17 water stress scalars (VPD_only) for different biome types. Solid lines are for the conterminous
United States; dotted lines are for China. The vertical lines stand for the threshold correlation at p < 0.1
(dotted lines r = 0.39 for China and solid lines r = 0.43 for the conterminous United States).

Qinghai (not shown). The paucity of distributed weather
stations in these remote areas likely introduces errors to
gridded daily minimum and maximum temperatures as well
as daily precipitation, which may consequently cause larger
biases in VPD and errors in simulated VPD only, MVPD
and MPSI (resulting from errors in the simulated soil water)
in Biome-BGC. For other regions where weather stations are
denser, the correlation passes at least p < 0.1 significance test
for nearly all pixels (Figure 5), indicating the low correla-
tions might be result of biases in daily meteorology data. The
average correlation is 0.61 (p <0.006) for China and 0.81 (p
< 0.0002) for the conterminous United States. The histogram
of the annual correlation for different biomes (Figure 6)
indicates that for most of the pixels in a given biome type,
the correlation is greater than the threshold correlation at p <
0.1 (r=0.39 for China; r = 0.43 for the conterminous United
States). On the basis of the spatial correlation maps and the
correlation histograms, therefore, the use of VPD alone in
MOD17 is adequate to capture the interannual variability of
environmental water stress expressed by both VPD and soil
moisture in Biome-BGC for both countries, although its
performance is better for the conterminous United States
than for China.
4.1.2.2. Intraannual Variations

[26] China is a strongly monsoonal country with high
temperature and intense precipitation occurring during the
growing season. The eastern half of the conterminous
United States experiences high growing season temper-
atures, and precipitation occurs year round [Koeppe and
De Long, 1958]. However, a large part of the western

United States has intense precipitation and cold temper-
atures during winter, and very dry conditions during the
growing season [Koeppe and De Long, 1958].

[27] Figure 7 shows the spatial correlation maps between
the multiyear averaged monthly VPD/SM and monthly
VPD_only during growing season in China and the conter-
minous United States. Overall, the monthly correlation is
not as good as the annual one, and, spatially, it is more
complicated. The correlation is positive for most of the
conterminous United States and positive over most of China
with the exception of the northeast China plain, western
China and the Shandong peninsula (Figure 7).

[28] In monsoon-controlled eastern China, the eastern
half of the conterminous United States, and the Pacific
Northwest of the United States, annual total precipitation is
greater than 400 mm/yr (Figure 1) and the water stress
scalars of both models are large, illustrating that water is not
the primary limiting factor for vegetation growth. In addi-
tion, the monthly variance of the water stress scalars is
small, remaining fairly consistent during the growing season
in these areas. As a result, both models have the same
seasonality for the water stress, resulting in a large positive
correlation.

[20] In the western United States, in the summer, the high
VPD resulting from the high temperature creates low values
for VPD_only and MVPD. Most of the precipitation occurs
in winter, with little precipitation in summer, leading to
limited soil water and low variability of monthly precipita-
tion during the growing season. Therefore the dry atmo-
sphere (high VPD caused mainly by high temperature)
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generally coincides with dry soil conditions (low precipita-
tion), and VPD alone can mimic the entire temporal water
stress for these regions, resulting in positive correlation
(Figure 7).

[30] In negatively correlated monsoon-controlled areas of
China, the climate is dry (Figure 1), and water limitation is
strong (Figure 3). Approximately 70% of the annual pre-
cipitation is received in summer when VPD and temperature
are high [Northwest Normal University, 1984]. The mis-
match between the atmospheric and soil dry/wet periods is
responsible for these negative correlation values between
two models, suggesting that VPD only cannot capture the
seasonality of the water stress expressed by the atmospheric
VPD and the soil water in some of the strongly monsoon-
controlled dry areas. The reason for the negative correlation
region in southern China (less than 3% of the country) is
that water stress is not the primary limitation to the plant
growth. Both VPD/SM and VPD only are very high and
fairly consistent with very low monthly variability.

[31] These results further illustrate that atmospheric
VPD only captures water stress seasonality in regions with
relatively little water stress, for example, wet climate or
water-stressed regions with dry summer, but it fails to
represent the seasonality of water stress in water limited
areas with a strong summer monsoon cycle, where soil
water effects on vegetation growth should be included. The
histograms of seasonal correlation (Figure 8) indicate that,
for most pixels of each biome type, the correlation is
positive, but there are a number of negatively correlated
pixels in China. In addition, VPD only can capture the
seasonality of Biome-BGC water stress better in the conifer
forests than in the broadleaf forests and other vegetation
areas, because DBF are more sensitive to soil water stress
than DNF [Kljun et al., 2004].

4.2. GPP

[32] It is fairly easy for most ecosystem models to capture
the general seasonality of primary production simply

because temperature and solar radiation are used to mimic
phenology [White et al., 1997; Leuning et al., 2005].
Comparison of interannual variations in primary production
simulated by different ecosystem models, however, can be
complex, because different models have different formula-
tions representing ecosystem processes and environmental
stresses. More details can be found in section 2.1, 2.2 and
the work of Dargaville et al. [2002].

[33] Figure 9 compares the spatial correlation maps of
multiyear averaged monthly (Figures 9a and 9b) and annual
(Figures 9c and 9d) Biome-BGC simulated GPP with
MODI17 estimated GPP. The GPP from the two models
agrees better on a monthly basis than at the annual time
step. The monthly correlation is positive in most parts of
China and the conterminous United States. The annual
correlation (Figures 9¢ and 9d) is usually smaller than the
monthly correlation and negative values occur in more
places than with the seasonal correlation in both countries
(Figures 9a and 9b). Unlike water stress, GPP interannual
variability is more difficult to capture than the seasonality,
because there are more factors involved in the calculation of
GPP. As discussed in section 2, the Biome-BGC and
MOD17 algorithms have completely different formulations
for calculating GPP. Biome-BGC calculates the potential
soil moisture and GPP, and the interannual GPP variability
is mainly driven by the variations in climate. The MOD17
algorithm uses climate data and satellite-derived FPAR to
estimate GPP, and satellite data can provide some informa-
tion on the actual vegetation conditions, despite some
uncertainties, such as navigational drift, cross calibration
of the instrument series and monthly maximum value
compositing of FPAR. More research is needed to determine
the reasons why GPP differs between the two models.

5. Conclusion and Discussion

[34] Water stress is one of the primary limiting factors
controlling photosynthesis by terrestrial ecosystems, and its
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accurate representation by ecosystem models is imperative.
Ecosystem process models, such as Biome-BGC, generally
calculate the water stress as a combination of both atmo-
spheric VPD and soil water limitations. Because of data
limitations, however, the global MODIS GPP/NPP algo-
rithm, on the other hand, uses atmospheric VPD alone to
express water stress. We have compared the two approaches
by comparing the water stress from the MODIS algorithm
with similar results from Biome-BGC.

[35] For most of the wetter areas of China and the
conterminous United States, water is not strongly limiting,
and the VPD variable of the MODIS GPP algorithm reflects
the full water stress from the air and soil as determined by
Biome-BGC. Using only VPD underestimates the water
stress in dry regions where water is severely limiting, such
as western China, the northeast China plain, the Shandong
peninsula, and the central and western United States. As a
result, the MOD17 algorithm overestimates GPP in these
areas, suggesting that soil water stress may need to be
considered to improve the GPP results. Although VPD
alone fails to capture the seasonality of water stress in some
areas, it reflects interannual variability in most areas,
important for global carbon cycle studies and indicating
that the current MOD17 calculations may be adequate for
global studies.

[36] The MODI17 water stress (VPD_only) captures the
interannual variability of water stress in dry regions in
both China and the conterminous United States. It reflects
the seasonality of the water stress in the conterminous
United States but fails in the monsoonal dry areas of
western China, the northeast China plain, and the Shandong
peninsula, along with some small areas of southern China,
which are wetter and have strong monsoonal control. In
general, VPD_only expresses the intraannual and interannual
variability of water stress in the conterminous United States
much better than that in China. As a result, GPP seasonality
is captured better than interannual variability, and this sea-
sonality is captured better in the conterminous United States
than in China. The differences between the two countries
are driven by climatic differences, such as the strong
monsoonal control of China, a climate that has not yet been
tested in Biome-BGC. This leads to uncertainty in the
estimates of soil and leaf water potential and, thus, the
GPP from Biome-BGC, potentially affecting the results of
this paper.

[37] While the MOD17 VPD only variable, especially
when combined with FPAR, captures water stress for most
areas of the two countries, it may be necessary to include
soil water stress in extremely dry areas. This has been
difficult in the past because of precipitation data set limi-
tations, but current research with microwave remote sensing
shows promise for providing accurate estimates of global
soil moisture [Jackson, 1993; Njoku and Li, 1999], which
can then be used as an input to the MODI17 algorithm,
thereby improving GPP estimates. In addition, satellite
estimates of ET and PET [Cleugh et al., 2007; Q. Mu et
al., Development of a global evapotranspiration algorithm
based on MODIS and global meteorology data, submitted to
Remote Sensing of Environment, 2007] may also provide
methodology to better express water stress without using
precipitation or soil moisture.
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