Agricultural and Forest Meteorology 149 (2009) 976–984

Contents lists available at ScienceDirect

Agricultural and Forest Meteorology
journal homepage: www.elsevier.com/locate/agrformet

Satellite-based estimation of evapotranspiration of an old-growth
temperate mixed forest
Junhui Zhang a, Yanling Hu a,e, Xiangming Xiao b, Pengshi Chen c, Shijie Han a,*,
Guozheng Song a, Guirui Yu d
a

Institute of Applied Ecology, Chinese Academy of Sciences, 72 Wenhua Road, Shenyang 110016, Liaoning Province, China
Institute for the Study of Earth, Oceans and Space, University of New Hampshire, Durham, NH 03824, USA
Institute of Atmospheric Environment, China Meteorological Administration, Shengyang 110016, China
d
Institute of Geographic Sciences and Natural Resources Research, Chinese Academy of Sciences, Beijing 100101, China
e
Graduate School of Chinese Academy of Sciences, Beijing 100039, China
b
c

A R T I C L E I N F O

A B S T R A C T

Article history:
Received 25 March 2008
Received in revised form 28 November 2008
Accepted 5 December 2008

Evapotranspiration (ET) is a key ﬂux in the water cycle and has strong seasonal dynamics for forest
ecosystems. Recently eddy ﬂux covariance measurements are continuously taken at a temperate mixed
forest in Northeastern China since 2002. In an effort to better understanding the factors that control the
seasonal dynamics of ET, here we (1) calculate ecosystem-level water use efﬁciency (WUE) from
observed water and CO2 ﬂux data, and (2) relate the resultant WUE with satellite-derived vegetation
indices, and (3) develop and evaluate a simple model that uses satellite images and climate data as input
data to predict ET on the coupling of photosynthesis and transpiration processes. Ground WUE estimates
obtained from eddy covariance tower were correlated with moderate resolution imaging spectroradiometer (MODIS) vegetation indexes (VIs) and ground micrometeorological data over 3 years (2003–
2005). The enhanced vegetation index (EVI) was more closely correlated (r = 0.82) with WUE than the
normalized difference vegetation index (NDVI; r = 0.64). Air temperature (TA) measured over the canopy
was the meteorological variable that was most closely correlated with WUE (r = 0.74) over years. For the
signiﬁcant correlation between EVI and TA (r = 0.82, P < 0.05), EVI was selected as the single variable to
predict WUE to simplify calculation. We calculated ET by ET = GPP/WUE, gross primary production (GPP)
was predicted by vegetation photosynthesis model (VPM) that uses satellite images and meteorological
variables. At a temporal resolution of 8 days, the annual curves showed good correspondence between
measured and predicted values of WUE and ET in terms of phase and magnitude for each year. Seasonally
integrated predicted ET was +4% (in 2003), +2% (in 2004), +0.4% (in 2005) higher than observed values.
ß 2008 Elsevier B.V. All rights reserved.
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1. Introduction
Evapotranspiration (ET) is the major link between the global
energy budgets and hydrological cycles (Smith and Choudhury,
1990), and is a key component of the water budget at a wide range
of scales. Accurate monitoring and estimation of ET continuously
over large area is the basis for effective spatially resolved water
related applications such as management of water resource
projects, risk assessments for bushﬁres, and ﬂooding (Hameed
and Mario, 1993; Raupach, 2001). Satellite remote sensing
provides routine observations, such as vegetation and land surface
temperature, and offers possibilities for extending point measurements or empirical relationships to much larger areas, and many
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studies have incorporated remote sensing data into ET estimation
(Seguin et al., 1994; Kustas and Norman, 1996; Carlson and
Buffum, 1989; Allen et al., 2005; Garatuza-Payan and Watts, 2005).
The use of remote sensing models or models coupled with
remote sensing is highly recommended to monitor ET over large
areas continuously (Verstraeten et al., 2005). Two kinds of
approaches have been taken to predict ET from remote sensing
data: energy balance-based physical model and empirical model
that relate ET to vegetation index (VI) measurements over growing
season.
Physical models attempt to predict ET from the surface energy
balance equation (Nagler et al., 2005a). Among these models,
resistance–surface energy balance model has been widely reported
(Cleugh and Dunin, 1995; Hall et al., 1992; Kalma and Jupp, 1990),
while its performance has been shown to be unreliable (Cleugh
et al., 2007). The Penman–Monteith model provides a more robust
approach to estimating land surface evaporation, while its routine
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application is always hindered by requiring meteorological forcing
data and the aerodynamic and surface resistances (Mauser and
Schädlich, 1998; Moran et al., 1996; Cleugh et al., 2007).
Empirical methods utilize the scatter plot between VIs and Ts to
derive surface resistance (Price, 1990; Yang et al., 1997; Jiang and
Islam, 2001) following the idea of Nemani and Running (1989).
However, this requires a continuum of soil moisture (from dry bare
soil to saturated bare soil) and vegetation status (from waterstressed full-cover vegetation to well-watered full-cover vegetation) to provide a range of surface conditions. The effects of soil
evaporation and vegetation stresses added scatter and uncertainty
into the ET estimates (Nagler et al., 2005a). Several researchers
tried to explore statistical models using remote sensing to
extrapolate eddy covariance water and carbon ﬂux data to regional
scales. For example, Wylie et al. (2003) related normalized
difference vegetation index (NDVI) to carbon ﬂuxes in a sagebrush-steppe ecosystem, and Nagler et al. (2005a,b) developed an a
multivariate regression equation for ET prediction over large
reaches of western U.S. rivers by combining remote sensing with
ﬂux site measurements with a relative root-mean-square error
(RMSE) of 25%. These studies established the potential of using
statistical techniques to extrapolate ET measured at eddy
covariance ﬂux towers to a regional scale.
Eddy covariance technique is a scale-appropriate way to scale
ground measurements of ET and other biophysical processes over
larger areas, and to project the results over periods of years, to be
used for routine monitoring of regional ecosystems (Running et al.,
1999) with relatively minimum uncertainties. It directly measures
ET over area possessing longitudinal dimensions ranging between
a 100 m and several kilometers (Schmid, 1994) across a spectrum
of times scales, ranging from hours to years (Wofsy et al., 1993;
Baldocchi et al., 2001). It can provide effective information of ET
and biophysical processes which are critical for evaluating ET
model and understanding the factors controlling seasonal
dynamics of water ﬂuxes (Law et al., 2002).
For vegetation covered area, the close coupling between
transpiration and photosynthesis processes is observed (Stanhill,
1986; Steduto et al., 1997; Reichstein et al., 2002; Yu et al., 2008).
There are a number of studies of photosynthesis, gross primary
production (GPP), and net primary production (NPP) using several
methods including measurements, remote sensing, modelling,
etc. (Potter et al., 1993; Ruimy et al., 1994; Prince and Goward,
1995; Justice et al., 1998; Xiao et al., 2004a; Turner et al., 2006).
GPP often increases with ET across vegetation types. The ratios of
GPP to ET, which is deﬁned as water use efﬁciency (WUE), are
similar across vegetation types (Law et al., 2002) and strongly
inﬂuenced by weather conditions (De Wit, 1958; Tanner and
Sinclair, 1983; Law et al., 2002; Abbate et al., 2004; Yu et al., 2008).
WUE has been estimated by complex physical model (Gutschick,
2007) or simple meteorology drived empirical models (Wang
et al., 2007). There is little report on direct estimation of WUE from
satellite images.
In this paper, our objectives are (1) to understand seasonal
dynamics of WUE calculated from eddy ﬂux tower data; (2) to
develop the quantitative relationship between vegetation indices
and WUE, here deﬁned as the ratio of GPP to ET; (3) to predict ET
with predicted WUE and GPP estimated from a satellite-based
vegetation photosynthesis model (VPM) that uses satellite
imagery, air temperature, and photosynthetically actively
radiation (PAR; Xiao et al., 2004a,b, 2005), we named as
EvapoTranspiration on the Coupling between Photosynthesis
and Transpiration (ET-CPT) model. The study site is mature
mixed forest ecosystem in Changbai mountain, North-east of
China. Flux tower has been established since 2002 in this forest
ecosystem and many years of data has been reported (Zhang
et al., 2006a,b).
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2. Materials and methods
2.1. Study sites and ﬁeld data
The eddy ﬂux tower site is located in No. 1 Plot at Forest
Ecosystem Opened Research Station of Changbai Mountains
(128850 45.79E and 428240 8.8800 N, Jilin Province, P.R. China),
Chinese Academy of Sciences. The annual mean temperature is
0.9–4.0 8C, annual total precipitation is 600–810 mm year1
(evaluated over a period of 20 years). The area is covered by on
average 200-year-old, multi-storied, uneven-aged, multi-species
mixed forest consisting of Korean pine (Pinus koraiensis), Tilia
amurensis, Acer mono, Fraxinus mandshurica, Quercus mongolica and
135 other species. The mean canopy height is 26 m. A dense
understory, consisting of multi-species broad-leaved shrub, has a
height of 0.5–2 m. The peak leaf area index is about 6.1. The soil is
classiﬁed as dark brown forest soil originating from volcanic ashes.
The landscape is very ﬂat.
Eddy ﬂux measurements of CO2, H2O, energy and routine
meteorological variables at this site have been collected since
2002 (Zhang et al., 2006a,b). One open-path eddy covariance
measurement system was installed at 40 m on a 62.8 m tower.
CO2/H2O and wind/temperature ﬂuctuation were measured by
Li7500 (IRGA, Li-Cor, USA) open-path CO2/H2O sensor and 3D
ultrasonic anemometer (CSAT3, Campbell, USA) at 10 Hz rate.
Meteorological variables are sampled every 2 s and stored as halfhour statistics (CR23X, Campbell, USA). Meteorological measurements at 40 m include air temperature and relative humidity
(HMP45C, Vaisala, Finland), wind speed (A100R, Vector, UK),
downward/upward solar radiation and net radiation (CNR1, Kipp
and Zonen, The Netherlands), and PAR (Li190SB, Li-Cor, USA).
Precipitation (52203, Young, USA) is measured at 62.8 m. Routine
QA/QC and corrections, such as planar ﬁt coordinate rotation,
frequency response correction, sensors separation correction,
inﬂuence of humidity on sonic temperature, path correction, WPL
correction, etc., were applied to raw eddy ﬂux data. To avoid the
underestimation of nighttime ﬂuxes under calm condition, u*
correction was applied to nighttime ﬂux measurements. Upper
boundary u* (UU*) correction (Zhang et al., 2005) was applied to
CO2 ﬂuxes in winter seasons. The threshold of u* is 0.17 m s1 for
growth period and 0.02 m s1 for dormant seasons. UU* threshold
is 0.37 m s1 (Zhang et al., 2005, 2006a,b). To get annual
estimates and time series of CO2 and ET exchange, artiﬁcial
neutral network (ANN) technique (Limas et al., 2007) was applied
to ﬁll data gaps.
WUE (gC per mm H2O) here is deﬁned as the ratio of 8-day GPP
to ET. 8-Day GPP and ET were derived from half-hourly
measurements of CO2/H2O ﬂuxes by the eddy covariance
technique (Zhang et al., 2006a,b).
2.2. Moderate resolution imaging spectroradiometer (MODIS) data
We downloaded the 8-day land surface reﬂectance (MOD09A1) data sets for the period of 2003–2005 from the EROS Data
Center, US Geological Survey (http://www.edc.usgs.gov/). Based on
the geo-location information (latitude and longitude) of the ﬂux
tower site, data of land surface reﬂectance were extracted from one
MODIS pixel that covers the ﬂux tower. Reﬂectance values of the 8day land 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, normalized
difference vegetation index, enhanced vegetation index (EVI) and
land surface wet index (LSWI, Xiao et al., 2004a). Cloudy
observations in a time series of vegetation indices were gap-ﬁlled
using a simple gap-ﬁlling method and the cloud quality ﬂag in the
surface reﬂectance ﬁles (Xiao et al., 2003).
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Fig. 1. Temperature response curve of GPP (a) and eg (b).

The EVI, NDVI and LSWI are calculated as

r  rred
NDVI ¼ nir
rnir þ rred
EVI ¼ 2:6 

LSWI ¼

rnir  rred
rnir þ ð6  rred  7:5  rblue Þ þ 1

rnir  rswir
rnir þ rswir

(1)

(2)

(3)

where rswir is the shortwave infrared reﬂectance, rnir is the near
infrared reﬂectance, rred is the red reﬂectance, and rblue is the blue
reﬂectance at the surface.

The ET-CPT model combines water use efﬁciency and gross
primary production to estimate evapotranspiration. In brief, ET is
estimated by scaling GPP by WUE as following:
GPP
WUE

WUE ¼ f ðVIs; T A ; . . . ; Þ:

(4)
(5)

WUE shows strong dependence on weather condition and leaf
phenology (De Wit, 1958; Tanner and Sinclair, 1983; Law et al.,
2002; Abbate et al., 2004; Gouranga and Harsh, 2007; Yu et al.,
2008). To build the function described in Eq. (5), we consequently
conducted simple correlation analysis between WUE and vegetation indices, and between WUE and meteorological variables.
GPP is estimated from the vegetation photosynthesis model
(Xiao et al., 2004a) as
GPP ¼ eg FPARchl PAR

(6)

where eg is the light use efﬁciency deﬁned as

eg ¼ e0 T scalar W scalar Pscalar

3. Results
3.1. Quantitative relationships between WUE and VIs and
meteorological variables

2.3. ET-CPT model

ET ¼

linear relationship between eg and VPD on peak growth periods
(Zhang et al., 2006b). Value of e0 used here is 0.54 gC/mol PAR.
Detailed description of calculation of Tscalar, Wscalar and Pscalar is
presented in earlier publications (Xiao et al., 2004a). In calculation
of Tscalar, Tmin, Topt and Tmax values are set to 10, 25 and 35 8C,
respectively. These parameters were obtained from GPP–TA and
eg–TA response curves. Topt is the corresponding air temperature to
the maximum GPP. The larger root of quadratic GPP–TA curve was
assigned to Tmax (Fig. 1a). The root of quadratic eg–TA curve was
assigned to Tmin (Fig. 1b) for it’s hard to be obtained directly from
GPP–TA curve when air temperature fall down below 0 8C.

(7)

where e0 is the apparent quantum yield or maximum light use
efﬁciency and Tscalar, Wscalar, and Pscalar are down-regulation scaling
factors for the effects of temperature, water, and leaf phenology on
light use efﬁciency and can be calculated using either surface
observational data or remotely-sensed data, respectively.
For this site, eg is determined by LAI at seasonal scale and by
VPD at peak growth season while LAI and air temperature changed
little (Zhang et al., 2006a,b). e0 was estimated as the interception of

We conducted simple correlation analysis between WUE and
vegetation indices, and between WUE and meteorological
variables (Table 1). WUE was signiﬁcantly correlated with both
NDVI and EVI, but the correlation coefﬁcients were generally
higher for EVI than that for NDVI (Table 1 and Fig. 2). One
possible reason for this may be that NDVI values were saturated
in well-vegetated areas, as the LAI at the old-growth forest site is
relatively high (up to 6.1 m2 m2), while EVI does not appear to
be as saturated as NDVI. TA was signiﬁcantly correlated with
WUE in general while the r values for WUE on the other
meteorological data were not signiﬁcant (Table 1). WUE followed
seasonal EVI and TA curves more closely than these of NDVI and
VPD (Fig. 3).
WUE was regressed against EVI and TA in a single step. Both EVI
and TA were signiﬁcant (P < 0.05). The proportion of the variability
in WUE explained by this equation was 0.69 which is 0.02 and 0.14
lager than single variable equations against EVI (0.67) and TA (0.55)
separately. This may be explained by the signiﬁcant correlation
Table 1
Correlation coefﬁcients (r) between WUE and VIs, and between WUE and
meteorological variables at the tower site by individual years (2003–2005) and
by all 3 years (lump together).a.
Year

EVI

NDVI

VPD

TA

PAR

2003
2004
2005
All

0.84
0.78
0.92
0.82

0.75
0.68
0.55
0.64

0.01
0.47
0.42
0.19

0.82
0.75
0.76
0.74

0.22
0.17
0.10
0.14

a

Bold numbers are signiﬁcant at 0.05 level.
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Fig. 2. Simple linear regression of WUE* as a function of EVI* (a) and NDVI* (b). Values are 8-day means over 3 years, 2003–2005. WUE* = WUE/WUEmax; EVI* = EVI/EVImax;
NDVI* = NDVI/NDVImax.

between EVI and TA (r = 0.82, P < 0.05). EVI was selected as the
single variable to predict WUE to simplify calculation.
Scatter plot of WUE* vs. EVI* is shown in Fig. 2a. Here, WUE* is
the scaled WUE as WUE/WUEmax. EVI* is the scaled EVI as EVI/
EVImax. WUE* was linearly related to EVI*. The equation of best ﬁt is
WUE* = 0.97  EVI* (R2 = 0.67, P < 0.05). Assumed WUE* = EVI*
which will only produce error of 3%, WUE can then be predicted
with following equation:
WUE ¼ EVI

WUEmax
EVImax

(8)

In general, predicted WUE agreed well with measured values
(Fig. 4).
3.2. Seasonal dynamics of GPP from VPM model
The ET-CPT is built on the coupling of photosynthesis
and transpiration processes and uses the water use efﬁciency
and gross primary production to estimate ET. GPP data in this
study was estimated with a vegetation photosynthesis model
(Xiao et al., 2004a,b, 2005). The validity of VPM at this site is
critical to evaluate our research while it previously has been

Fig. 3. Seasonal curves for ET, VIs and meteorological variable over 3 years in Changbai broad leaved Korean pine mixed forest. Curves were ﬁt using cubic smoothing spline
equations. WUE* = WUE/WUEmax; EVI* = EVI/EVImax; NDVI* = NDVI/NDVImax; VPD* = VPD/VPDmax; TA* = TA/TAmax.
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Fig. 4. A comparison of the seasonal dynamics of measured (WUEEC) and predicted (WUEEVI) values for WUE. WUE was predicted from MODIS EVI using Eq. (8).

validated over several other ecosystems (Xiao et al., 2004a,b,
2005, 2006).
The VPM-predicted GPPVPM values were compared with eddy
ﬂux tower estimates of GPPEC at the ﬂux site. At a temporal
resolution of 8 days, GPPVPM agreed well with the eddy covariance
measurements GPPEC (Fig. 5, GPPVPM = 1.02  GPPEC, R2 = 0.87,
P < 0.001). The annual total GPPVPM values were 1193, 1183, and
1056 gC m2 from 2003 to 2005; and were almost equal to that of
ﬂux tower-based GPPEC (1173, 1167, and 1017 gC m2 in three
observation years). Their seasonal dynamics were consistent in
terms of phase (Fig. 6), though GPPVPM values were generally
higher than GPPEC in the early summer, and were lower than GPPEC
in the late summer.
3.3. Seasonal dynamics and inter-annual variation of ET from ET-CPT
model

Fig. 5. A linear comparison of predicted and observed GPP (gC m2 [8d]1) at the
eddy ﬂux tower site in Changbai broad leaved Korean pine mixed forest, China. The
predicted GPP (GPPVPM) is from the VPM model, and observed GPP (GPPEC) is based
on the half-hourly data of CO2 ﬂux from 2003 to 2005 at the ﬂux tower site.

Using Eq. (8) and VPM model, we calculated ET values by
ET = GPP/WUE, and plotted measured vs. predicted values (Figs. 7
and 8). At a temporal resolution of 8 days, the annual curves
showed good correspondence between measured and predicted
values in terms of phase and magnitude for each year (Fig. 7). This
model successfully replicated trends in ET over years (Fig. 8). The

Fig. 6. Seasonal dynamics of measured and predicted GPP (gC m2 [8d]1) at the eddy ﬂux tower site in Changbai broad leaved Korean pine mixed forest, China. The predicted
GPP (GPPVPM) is from the VPM model, and observed GPP (GPPEC) is based on the half-hourly data of CO2 ﬂux from 2003 to 2005 at the ﬂux tower site.
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Fig. 7. A comparison of the seasonal dynamics of measured and predicted ET (mm d1) at the eddy ﬂux tower site in Changbai broad leaved Korean pine mixed forest, China.
The predicted ET (ETET-CPT) is from the ET-CPT model, and observed ET (ETEC) is based on the half-hourly data of ET from 2003 to 2005 at the ﬂux tower site.

integrated ETET-CPT was +4% (in 2003), +2% (in 2004), +0.4% (in
2005) higher than observed values, respectively (Table 2).
4. Discussion
4.1. Accuracy of eddy covariance data

Fig. 8. A linear comparison of predicted and observed ET (mm d1) at the eddy ﬂux
tower site in Changbai broad leaved Korean pine mixed forest, China.

simple linear regression model also shows high correlation
between predicted ET and observed ET over years (ETET2
CPT = 0.99  ETEC, R = 0.92, P < 0.01, Fig. 8). Annual integrated
ETET-CPT was 2% (in 2003), +5% (in 2004), 3% (in 2005) higher
than observed values ETEC, respectively (Table 2). In comparison to
the seasonally, from May 1 to September 30, integrated ETEC values
which accounted for 80% of annual ETEC (Table 2), seasonally
Table 2
Annual and seasonal (from May 1 to September 30) evapotranspiration measurements by eddy covariance method and estimates by ET-CPT model (ETET-CPT) (unit:
mm).
Year

2003
2004
2005
Mean

ETET-CPT

ETEC
ET1–12

ET5–9

ET1–12

ET5–9

286.7
246.2
298.7
277.2

235.1
196.4
237.6
223.0

281.3
257.7
288.9
275.9

244.1
200.9
238.6
227.9

Flux measurements require careful calibration to produce
reliable data (Rana and Katerji, 2000; Scott et al., 2004). Eddy
covariance results reported in this study have been validated in
several studies. Wu et al. (2005) compared ET estimate by Bowenratio energy balance (BREB) method with corresponding ET
measurements by eddy covariance technique. Over a 1 month
measurement period, the BREB-based estimates for ET were within
6% of eddy covariance estimates. Diao et al. (2005) and Wang et al.
(2005), working at same site using inverse Lagrangian dispersion
analysis method, reported a 20% higher ET estimate than eddy
covariance measurements over a 5-month period.
Calculation of energy closure ratios is another way to access
validity of the eddy covariance estimates. Energy closure ratio for
eddy covariance measurements at this site is about 0.79 (Li et al.,
2005) which is in the usual range of 0.53–0.99 (Wilson et al., 2002).
Based on site-speciﬁc information and information from studies in
similar conditions elsewhere, error or uncertainty of about 10–20%
can be expected for the eddy covariance measurements reported in
this study.
4.2. Estimate of WUE
Eq. (8) performed reasonably well to predict dynamics of WUE
directly from MODIS-EVI with simpler form. WUEMAX is the only
free parameter in Eq. (8). Application of the model to other pixels
requires estimation of this parameter (WUEMAX) for individual
pixel. It can be obtained from eddy CO2/H2O ﬂuxes time series;
literatures or historical records where ﬂux measurements are not
available. WUEMAX were relatively constant at ecosystem level.
According to Law et al. (2002), WUEMAX = 5–6 for rainforest and
evergreen conifers, WUEMAX = 7–8 for deciduous broadleaf forests
and WUEMAX = 4–6 for crops and grasslands.
4.3. Simulation of ET by ET-CPT
Multi-years simulation with the ET-CPT model shows that, in
general, there was a good agreement between ETET-CPT and ETEC
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Fig. 9. Dependence of discrepancy in ET predication (ETET-CPT) and measurements (ETEC) on that in GPP predication (GPPVPM) and measurements (GPPEC) (a); dependence of
discrepancy in GPP predication and measurements on photosynthetically actively radiation (PAR, (b)).

during 2003–2005. However, there still exist large differences
between ETET-CPT and ETEC in a few 8-day periods (Fig. 7). Those
large discrepancies between ETET-CPT and ETEC may be attributed to
two sources of errors.
The ﬁrst source is the sensitivity of the GPP predicted by VPM
model to PAR and temperature. In some case, over/underestimation of GPP is attributed to higher/lower input PAR values
for the assumed linear relationship between GPP and PAR in VPM
model (Fig. 9). PAR varies substantially over space and time.
Therefore, improvement in measurement of PAR (both direct and
diffusive) at large spatial scale would be substantially beneﬁted.
Scenario analysis shows that selection of Tmin is likely to have some
impact on GPP and ET through Tscalar (Fig. 10). In this study, we
used Tmin = 10 8C which minimized errors of annual ET and GPP
estimate (Fig. 10) while another process-based ecosystem model
used Tmin = 2.0 8C for temperate forest (Raich et al., 1991). In the
growth period, difference between GPPVPM and GPPEC was
minimized when Tmin was set to 2.0 8C. This 8 8C difference in
Tmin brought difference of 8% in annual ET estimate and 3% of that
in growth periods. The difference in optimum Tmin for whole year

and growth period can probably be attributed to the difference in
active species composition for this mixed forest.
The second source is the time-series data of vegetation indices
derived from satellite images. The compositing method (currently
selecting an observation with the maximum NDVI value in a 8-day
period) could result in some bias, and one resolution to the issue
would be to use daily images as input, although this would requires
substantial increases in computer processing (Xiao et al., 2004a).
Further investigations are needed to quantify the relative role of
individual sources of error in evaluation of the model using ET data
from ﬂux tower sites.
In summary, in an effort to better understanding the factors that
control the seasonal dynamics of ET, here we (1) calculated
ecosystem-level water use efﬁciency from observed water and CO2
ﬂux data, and (2) related the resultant WUE with satellite-derived
vegetation indices, and (3) developed and evaluated a simple
model that uses satellite images and climate data as input data to
predict ET on the coupling of photosynthesis and transpiration
processes. We ﬁnd that EVI is strongly correlated with water use
efﬁciency, and could be a good predictor for the WUE of forest

Fig. 10. Inﬂuence of Tmin on annual (January 1 to December 31) and seasonal (May 1 to September 30) estimations of gross primary production and evapotranspiration. GPPEC
and ETEC are measured gross primary production and evapotranspiration by eddy covariance method separately; GPPVPM; ETET-CPT are predicted gross primary product and
evapotranspiration, respectively.
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ecosystem. Simulations of the ET-CPT model were conducted at 8day intervals. The results have demonstrated the simple ET-CPT
model has the potential to provide estimates of ET of forestcovered area with sufﬁcient accuracy and timeliness for application in natural resource management services at large spatial
scales.
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