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Abstract—An improved method, based on the daily surface
resistance, is proposed to extend satellite evapotranspiration (ET)
on a clear day into ET for each and every day. Alternative climatic
variables such as soil moisture, wind speed, and net radiation are
explored for estimating daily surface resistance using a Penman–
Monteith (P–M) formulation. The study was carried out for the
Yingke (YK) oasis plains area (maize cropland) and the Arou
(AR) alpine meadow area (grassland) located in the midstream
and upstream, respectively, of the Heihe River Basin of northwestern China. Statistical results show that the proposed method
performs well for estimating daily ET for both study areas, with
results slightly superior in the midstream, cropland area where
the coefficient of determination (R2 ) was 0.9249 and the index
of agreement (d) was 0.978. In the upstream alpine meadow
area, the coefficient of determination (R2 ) was 0.9074, and the
index of agreement (d) was 0.961. The proposed method provides
an enhanced approach for estimating daily ET in the ETWatch
model. Future work will focus on scaling this improved method to
the estimation of regional daily ET map.
Index Terms—Daily surface resistance, evapotranspiration
(ET), ETWatch, Heihe river basin.

I. I NTRODUCTION

E

VAPOTRANSPIRATION (ET) is an important component of the surface energy and water balance. Accurate
estimation of ET is important for researchers in hydrology,
meteorology, and agriculture including water resources management [1], the impact of climate change on water resources
[2], and the planning of water-saving initiatives in irrigated
areas [3], especially in arid and semiarid regions where water
shortage is often a critical problem.
There are many methods to measure ET from either ground
observation or remote sensing satellite data. Typically, ground
observation requires advanced instrumentation and a high level
of data screening and interpretation, and include lysimeters [4],
Bowen ratio systems [5], eddy covariance (EC) systems, and
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large aperture scintillometers [6]–[8]. Although those methods
are accurate for estimating ET at a single site or locally, using
them at a larger regional scale is time consuming and expensive,
requiring numerous ground installations when extensive spatial
coverage and high sampling frequency are desired. To obtain
ET at a regional scale, remote sensing methods are preferable.
Due to its space and time continuity and relatively low cost,
remote sensing data are particularly useful for the study of
regional-scale heterogeneous ET based on the surface energy
balance. These data can be used to derive ET on a cloud-free
day at the time of the daily satellite overpass at essentially every
spatial location, which overcomes the spatial scale problem
inherent in traditional ground-based observations. However,
cloud cover prevents the collection of ET measures, but for
water balance estimation and agricultural irrigation guidance,
ET estimates are required for all days, not just those which
are cloud free. Consequently, a “gap-filling” method is required
to convert satellite overpass ET estimates on clear, cloud-free
days into an ET estimates for each and every day irrespective
of cloud cover, which we will refer to as daily ET
Since 1980, many methods have been proposed to scale a
series of discontinuous and incomplete ET data into a complete
daily ET, including the solar radiation ratio method [9], the reference ET fraction method [10]–[13], the Todorovic method
[14]–[17], and the evaporative fraction method [18], [19]. The
premise of all these methods is first to calculate on cloudfree days both the actual ET and the potential ET and assume
that this proportion is the same on both cloud-free and cloudy
days. Then, meteorological data are used to calculate potential
ET, and actual ET for the cloudy days is estimated using this
proportion. Those methods have performed well for estimating daily ET in a variety of environments [19]–[22]. However,
these studies are generally limited to specific locations; it is
more complex to estimate region-wide ET where a variety of
underlying surfaces may exist.
Currently, the Penman–Monteith (P–M) model is most commonly used to convert satellite ET into complete daily ET
[23]–[27]. This model has proved adequate for estimating
the magnitude of ET flux variation in temperate and tropical
ecosystems provided that the proper biophysical parameters
are included [24], [28]–[30], such as daily reduction functions
for stomatal aperture response to minimum air temperature
m(Tmin ) and vapor pressure deficit m(VPD), smoothed leaf
area index (LAI) values, and soil moisture content to estimate surface resistance. In actuality, many factors affect surface
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upper watershed in winter. The mean annual rainfall across the
basin is 110.9 mm year−1 (1980–2010).
Because of scarce water resources in this basin, a large number of research projects in hydrology and water resources,
environmental ecology, and land surface processes have been
carried out since 1989, such as HEIFE [32], AECMP’95 [33],
DHEX [34], WATER project [35], and Hi-WATER [36]. A large
body of ground observations data from meteorological, hydrological, and energy flux stations and associated study results
has been accumulated. This rich knowledge resource has laid
the foundation for much scientific research on the Heihe river
basin.

III. M ETHODOLOGY
Fig. 1. Location of observation sites over the Heihe River Basin.

resistance. Mu proposed a restriction impedance function of
temperature and vapor pressure deficit for estimation of the
surface resistance [24]. Ortega-Farias showed that soil moisture content, net radiation, and vapor pressure deficit affect
the estimation of surface resistance [12]. Irmak and Mutiibwa
showed that wind speed, LAI, and canopy relative humidity also
affect surface resistance [31]. Only some of these factors were
considered in the estimation of daily ET in ETWATCH, an operational ET monitoring system incorporating remotely sensed
data currently operating in the Heihe river basin in northern
China [25], [26].
The purpose of this paper is to investigate an enhanced
method, incorporating additional factors affecting surface resistance, for scaling satellite estimated ET on cloud-free days to a
complete set of daily ET measures for the ETWatch system.
Surface resistance is estimated based on the P–M equation with
the introduction of radiation and meteorological information.
The validation data are collected from the Heihe river basin in
northern China, where a serious water resources’ crisis over the
last several years has intensified the need for this type of information. In the future, the method will scale to the estimation of
regional daily ET map.
II. S TUDY S ITE AND DATASETS
The Heihe river basin (∼ 128 900 km2 ), the second largest
inland river basin in the country, is located in the arid northwest
region of China between 97◦ 24 − 102◦ 10 E and 37◦ 41 −
42◦ 42 N. Its elevation ranges from approximately 5000 m in
the upper reaches to 1000-m downstream. The river originates
in the Qilian mountains and flows through the Hexi corridor of
Gansu Province from the Yingluo Gorge, through the Zhengyi
Gorge, and then northward into the Ejina oasis in the western
part of the Inner-Mongolia plateau before finally discharging
into the east and west Juyan lakes (Fig. 1).The landscape varies
from glaciers and frozen soil to alpine meadow, forest, irrigated
cropland, riparian ecosystem, bare gobi, and desert. A large proportion of the watershed area comprises sparse vegetation or
bare land. The highest air temperatures are about 40 ◦ C downstream in summer and the lowest fall to about −40 ◦ C in the

A. Data and Preprocessing Methods
1) Field Observations: For this study, two ground observation stations in the Heihe River Basin were used: the Arou
(AR) station and the Yingke (YK) station. The AR station
(100◦ 27 53 E, 38◦ 02 40 N) is located in the upper reaches of
the Heihe River Basin in an east-west-oriented valley with a
maximum width of 3 km from north to south. Average annual
temperature is 0.9 ◦ C, and annual precipitation is 403.1 mm
(1960–2000). The terrain around the AR site is relatively flat,
with a gentle decline from the southeast to the northwest. The
underlying surface is natural pasture, and the vegetation is
alpine meadow with the maximum height of the grass approximately 0.2–0.3 m during the growing season. The YK station
(100◦ 24 37 E, 38◦ 51 26 N) is in a typical oasis with very flat
terrain, approximately 8 km southwest of Zhangye City. It is
surrounded by the Gobi Desert, which commences approximately 7 km from the site. It is located in the middle reaches of
the Heihe River Basin, and the main crops are maize; it has an
average annual temperature of 7.2 ◦ C and annual precipitation
of 126.7 mm (1960–2000).
Each station is equipped with an EC tower and an automatic weather system (AWS). The EC system at AR station
was installed in the center of the terrain (approximately 1300 m
along a nearly flat terrain from south to north). The EC system at YK station was installed in an irrigated field. The EC
sensors are installed at 2.81 m and 3.15 m above the ground
at YK and AR, respectively. The EC data are sampled at a
frequency of 10 Hz at both stations, and the turbulent fluxes
(sensible heat flux and latent heat flux) are recorded by data loggers (Campbell Scientific, CR5000) with an average frequency
of 30 min. The AWS systems collect data on air temperature,
humidity, wind speed, wind direction, air pressure, precipitation, soil temperature and soil moisture profile, solar radiation,
upward shortwave and longwave radiation, downward longwave radiation, and soil heat flux (Fig. 2), also recorded by data
loggers (Campbell Scientific, CR800 at YK, CR23X at AR)
at 10-min intervals. The data during rainfall events, instrument
malfunctions and days of site inspection, and regular monthly
maintenance of the sensors were omitted. The data used in the
study include 2008 and 2010 due to data collection.
The EdiRe software (University of Edinburgh, http://geos.
ed.ac.uk/abs/research/micromet/EdiRe) was used to process the
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Fig. 2. Instrumentation at the YK and AR stations.

EC data on the two ground observation stations, including spike
detection, lag correction of H2 O/CO2 relative to the vertical
wind component, sonic virtual temperature correction, rotation coordination using the planar fit method, correction for
density fluctuation (WPL-correction), and frequency response
correction [27], [37], [38].
2) MODIS and FY-2D/E Satellite Data: The MODIS 1B
clear-sky data covering the Heihe River Basin were collected, which include 2008 and 2010. A geometric correction
was performed using the built-in GCP point of the image
to calculate the reflectance or radiance, which provided the
calibration coefficients. Cloud pixels were detected using a
method proposed by Ackerman that separates clear pixels from
cloud-contaminated pixels using threshold values for multiple characteristics [39]. The NDVI in the experimental area
was calculated using MODIS 1-, 2-band reflectivity after atmospheric correction. Surface albedo was computed from a linear
combination of the first seven reflectance bands. Using MODIS
data, 31-, 32-band radiance, and land surface temperature (night
and day) were calculated using a split-window algorithm [40].
Cloud products covering the Heihe River Basin in 2008
and 2010 were obtained from the Chinese Meteorological
Administration’s (CMA) data services website in HDF format.
A geographic lookup table (GLT) file downloaded from the
National Satellite Meteorological Center was used to obtain the
cloud classification data with 1-km resolution in a geographic
projection for the target area. These data were generated by
the FengYun-2D/E (FY-2D/E) satellites, the second and third
operational vehicles of the first generation geostationary meteorological satellite system operated by the CMA, launched on
December 8, 2006 and December 23, 2008, respectively, and
they were located above the Equator at longitudes 86.5◦ E and
123.5◦ E at an altitude of 35 800 km. Their objective was to
monitor clouds and temperature above China and neighboring
areas of the Asia–Pacific region. The upgraded StretchedVisible and Infrared Spin-Scan Radiometer (S-VISSR) is one
of the major payloads onboard the FY-2D/E. This optical imaging radiometer consists of one visible channel with a resolution
of 1.25 km and four infrared channels with a resolution of
5 km at wavelengths VIR: 0.55−0.90µm, IR1: 10.3−11.3µm,

3

IR2: 11.5−12.5µm, IR3: 6.3−7.6µm, IR4: 3.5−4.0µm. It can
acquire one image per hour covering the Earth’s surface from
60◦ N to 60◦ S and 45◦ E to 165◦ E.
3) Meteorological Data: Diurnal meteorological data in
2008 and 2010 are provided by China National Meteorological
Bureau, including air temperature, air pressure, air humidity,
and wind speed. For ET estimation, all variables were corrected
for elevation above sea level and interpolated into a daily map at
1-km resolution. Inverse distance squared was used for air temperature and pressure interpolation, in combination with DEM
data, and thin-plate splines were employed for other variables
[41]. Instantaneous maps of air temperature were approximated
from daily maximum air temperatures using a sine conversion.
4) Soil Moisture Content Data: Soil moisture content (high
resolution, 1 km) in 2008 and 2010 used in this paper was
retrieved from the Advanced Microwave Scanning Radiometer
on Earth Observing system (AMSR-E) brightness temperatures
and MODIS LST and NDVI Data, and the calculation includes
two steps: the first step is to retrieve the high-resolution AMSRE brightness temperature by downscaling passive microwave
brightness temperature using high-resolution land surface temperature (MODIS LST) and MODIS NDVI data, and then the
second step is to calculate the high-resolution soil moisture
from high-resolution brightness temperature using the singlechannel algorithm (SCA) and the Op model [42], [55]. The
AMSR-E on the Aqua satellite is a passive microwave sensor
which has been providing brightness temperature at five frequencies from 6.9 to 89 GHz since 2002. AMSR-E C-band
channels are suitable for soil moisture remote sensing [43].
AMSR-E/NSIDC products Level-3 B02 are used in this study.
They are provided on a 25-km regular grid. Soil moisture is
obtained from an iterative inversion algorithm using 10.7- and
18.7-GHz data, although this algorithm was initially developed
for 6.9- and 10.7-GHz frequencies [43].
5) Surface Net Radiation Data: Surface net radiation is the
energy source for ET, controlling the sensible heat flux, latent
heat flux, and soil heat flux. Currently, ETWatch calculates
daily net radiation using the traditional method recommended
by the FAO for meteorological data [44]. Spatial variation in
this measure is affected by the spatial interpolation of the meteorological data, especially for sunshine. Its accuracy is limited
by the number and location of meteorological stations. For
this study, cloud data from the FY-2D/E satellite were used
instead of the interpolated sunshine data in ETWatch to estimate
the daily net radiation at 1-km resolution [45]. This approach
should provide a better estimate of the spatial variation of net
radiation.
B. Conversion Methodology
ETWatch uses an integration of the “residue approach” and
the P −M model for ET estimation [25]–[27], [46]. The residue
approach is an energy balance model which combines the existing SEBS and SEBAL models and the mass transfer method.
It computes ET for cropped surfaces from standard meteorological records of sunshine, temperature, humidity, and wind
speed by introducing resistance factors. The P–M model determines the spatiotemporal variability of regional evaporative
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conditions using the available surface resistance (rs ) as the
temporal scaling factor. When the bulk surface resistance is
properly defined, the P −M equation is valid for calculating
daily ET for both soil and vegetation canopies and then aggregating it to monthly and annual ET computed from spectral
radiances on cloud-free days. P −M equation used is
λLE =

a)
Δ (Rn − G) + ρa Cp (esr−e

 a
Δ + γ 1 + rras

TABLE I
S TATISTICS FOR THE P ERFORMANCE OF S URFACE R ESISTANCE A FTER
THE I NTRODUCTION OF A LTERNATIVE VARIABLES

(1)

where rs is the surface resistance, LE represents daily ET, Rn
is the net radiation, G is the soil heat flux, (es − ea ) is the vapor
pressure deficit of the air, ρa is the mean air density at constant
pressure, Cp is the specific heat of the air, Δ is the slope of
the saturation vapor pressure temperature relationship, γ is the
psychometric constant, and ra is the aerodynamic resistance.
If the daily surface resistance on the regional scale is known,
the daily ET can be estimated at on the regional scale from (1).
1) Enhanced Surface Resistance Approach: In ETWatch,
the conversion of ET on cloud-free days into daily ET relies on
surface resistance (rs ) extended from rs on the closest cloudfree day [25]–[27], smoothed LAI values, soil moisture content,
and daily constraints functions for stomatal aperture response to
minimum air temperature m(Tmin ) and vapor pressure deficit
m(V P D). The quadratic equation used is
rmin,daily
rs,daily =
LAIdaily · SMdaily
rmin,clear × LAIclear × SMclear
=
LAIdaily × m (Tmin ) × m (V P D) × SMdaily
(2)
where is rmin,daily is the daily bulk stomatal resistance
of a well-illuminated leaf, LAIdaily is a daily dataset of
leaf area index values smoothed by a Savitzky–Golay filter
[47], SMdaily is daily soil moisture content retrieved from
the AMSR-E microwave brightness temperature [42], [55],
rmin,clear is the bulk stomatal resistance of a well-illuminated
leaf on the clear day, LAIclear is LAI calculated using the
clear-day satellite data, and SMclear is the soil moisture content
retrieved from AMSR-E on the clear day.
This paper explores alternative formulations for (1), including the effectiveness of currently used variables such as
m(Tmin ), m(V P D), and soil moisture content; and the possible use of new measures such as net radiation, wind velocity,
relative humidity, and the actual vapor pressure. To assess their
effectiveness, each variable was included individually as in
(3). The reconstructed surface resistance was then used to reestimate the daily ET in ETWatch and compared with actual
ET measurements.
rmin,clear × LAIclear × f (s)
rmin,daily
=
rs,daily =
LAIdaily f (s)
LAIdaily × f (s)
(3)

determination (R2 ), index of agreement (d), mean absolute error (M AE), and root-mean-square error (RM SE),
defined as
 n


 2

Oi − Ō Pi − P̄

R2 =  n i=1
(4)
n 
2 
2

Oi − Ō
Pi − P̄
i=1

M AE = n−1

i=1

n

|Pi − Oi |

(5)

i=1
n

RM SE =

n−1

(Pi − Oi )

2

(6)

i=1
n


d=1− 
n 
i=1

i=1

(Pi − Oi )

2

Pi − Ō + Oi − Ō

2

(7)

where Oi is the actual measurement and Pi is its estimate, Ō is
the mean measurement, P̄ is the mean of the estimates, and n
is the sample size. Colaizzi and Liu suggest as follows: 1) the
method performs well when the MAE is less than 50% of the
measured standard deviation; 2) there are few outliers when
RM SE is not greater than 50% of M AE; and 3) the closer
d is to 1, the better the model performance [11], [50].

where f (s) represents any one of the alternative variables.
IV. R ESULTS
C. Assessment
Effectiveness is assessed based on some widely used
goodness-of-fit statistics [48], specifically the coefficient of

Table I contains the statistics on model performance after
the introduction of each alternative environmental variable in
2008 and 2010. The currently used climatic factors have a lesser
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Fig. 3. Results of re-estimating ET based on the enhanced model for YK and AR stations.

Fig. 4. Change over time for ET estimates based on the original and enhanced models.

effect on ET than some of the possible new measures. Factors
with a greater degree of influence, indicated by their higher R2
values, are net radiation, soil moisture, and wind speed; those
with a lesser influence are m(Tmin ) and m(V P D) which are
used in the current model.
Based on these results, the gap-filling surface resistance
estimation was modified to include only those climatic factors having the greatest influence, specifically wind speed, soil
moisture, and net radiation, resulting in the following equation:
rs,daily =

rmin,clear ×LAIclear ×Rnclear ×SMclear ×Uclear
LAIdaily × SMdaily × Rndaily × Udaily
(8)

where SMdaily is daily soil moisture content retrieved from
AMSR-E microwave brightness temperature, Rndaily is daily
net radiation retrieved from FY-2 cloud products data and meteorological data interpolated into a daily map, Rnclear is the net
radiation on a clear day, Udaily is daily wind speed data from
interpolation of the meteorological data, and Uclear is wind
speed data on a clear day. Other variables are as defined for (2).
Fig. 3 shows the results of re-estimating ET based on the
improved surface resistance measure incorporating net radiation, soil moisture, and wind speed in 2008 and 2010. For the
upstream AR alpine meadow area (grassland), the coefficient
of determination (R2 ) is 0.9074, which indicates a strong correlation between actual ET and ET estimated by the improved

surface resistance method; the d is 0.961, again suggesting good
performance. For the midstream YK oasis plains area (maize
cropland), the coefficient of determination (R2 ) is 0.9249,
again indicating a strong correlation between actual ET and ET
estimated by the improved method. The RMSE is 0.5288, and
the difference between RM SE and M AE is less than 40%
of M AE, meaning there are few outliers in the estimated ET
according to Colaizzi [11]. The d is 0.978, also suggesting good
performance. Both coefficients of determination are higher than
the corresponding coefficients for the original model used in
ETWatch, which were 0.84 and 0.83, respectively (Table I).
Both the original model and enhanced models give slightly better predictions in the cropland region (YK station) than the
grassland region (AR station).
To explore seasonal variability, Fig. 4 shows the daily values for 2008 of measured ET compared with ET estimated by
the original and the enhanced models for the YK station. Fig. 5
shows the absolute values of the residuals between measured
ET and ET estimated by the original and enhanced models,
averaged by month. The residuals are consistently smaller every
month for the enhanced model, demonstrating the superiority of
the new approach. Fig. 6 shows the absolute difference between
the residuals of the original and enhanced models, as a percentage of the measured ET. This provides a measure of the
degree to which the enhanced model improves upon the original relative to the magnitude of the value being estimated.
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Fig. 5. Average absolute residuals for the original and enhanced models by
month.

Fig. 6. Difference between residuals of the original and enhanced models as
percent of measured ET.

Particularly in late winter/early spring (February/March and
May), and in fall (October/November), the ET estimation based
on the enhanced surface resistance estimation method is significantly improved over the original model. Residuals were
reduced by almost 50% of the magnitude being estimated. This
may be a result of including wind speed in the model which
is more prevalent in the spring and fall seasons, and there is
less vegetation to prevent evaporation from soils. Estimates for
April from the enhanced model are consistent with the March
and May estimates but appear to be an outlier in Fig. 6 only
because the original model provided a better estimate in April
than it did in the other months.
V. D ISCUSSION
Surface resistance is a key parameter in the process of ET
estimation and is affected by the underlying surface and climatic factors. Since vegetation coverage is smaller in winter,
spring, and fall in the Heihe river basin, more factors need
to be considered in gap-filling surface resistance. The energy
involved with ET affects net radiation. Wind speed reflects
energy transferred by advection from adjacent areas, and soil
moisture content can suggest evaporative capacity and the

effects of human activities. Consequently, incorporating these
factors into an improved surface resistance measure should
provide a better estimate of ET.
The method discussed here relies upon discrete georeferenced area-scaled pixels. For MODIS data, the pixel value represents the average surface soil heat flux for a 1 km x1 km area.
Ground station measurements of ET represent a different area;
usually only within the range of a few hundred square meters
of the EC towers from which the in situ data are collected. This
does not match the area covered by a pixel. Consequently, some
outliers would be expected in Fig. 4 where estimated ET is
compared with measured in situ ET. This issue of mismatching
scales is especially problematic for areas with heterogeneous
terrain, land use, and climate conditions. Fortunately, the underlying surfaces are relatively homogeneous at those two test
stations; thus, the in situ ground measurements used for validation should approximate conditions over the entire pixel
measured by the satellite.
Many studies mention that ET measured by an EC system
over irrigated regions is subject to considerable uncertainty
[27], [51]–[54], and in particular, measured ET is usually
greater than the ET estimated from satellite data. In addition to
the issue of mismatching scales, there are a variety of reasons
for this including different footprints, advection, calibration of
sensors, and loss between low-frequency and high-frequency
measurements from EC data. The results from the enhanced
model are consistent with this; the average measured ET values (2.03) are slightly greater than the values estimated from
the satellite data (2.01).
Other weak elements of the research include the use of net
radiation from the FY-2 geostationary meteorological satellite
cloud products data, and wind speed data from the interpolation of ground-based meteorological data. The FY-2 data are
5 km, whereas the MODIS data are 1 km. Not only the soil
moisture and cloud covering data are spatially coarse, but the
different spatial scales of all three will affect the results of the
ET estimation. Also, the number of ground meteorological stations and the geostatistical procedure used for interpolation will
affect wind speed measures. Further research is clearly needed
to downscale the cloud data to support the development of
high-precision region-wide ET data.
VI. C ONCLUSION
In this study, we demonstrated an improved method based on
surface resistance for converting satellite ET measures on clear,
cloud-free days into ET estimates for all days. The study was
conducted in the Heihe river basin area of northern China. It
uses daily net radiation, soil moisture, and wind speed, which
were shown to be the most important factors for surface resistance, to estimate daily surface resistance, and then combines
them with meteorological data using the P − M model to estimate daily ET. High correlations were obtained between the
estimated and in situ measured ET at both the YK station (coefficient of determination, R2 = 0.9249 and index of agreement,
d = 0.978) and the AR station (coefficient of determination,
R2 = 0.9074 and index of agreement d = 0.961) in 2008.
These coefficients of determination for the enhanced model
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were higher than those for the original model. It was also shown
that the enhanced model provided improved results for every
month of the year but especially in late winter/early spring
and autumn. Incorporating this enhanced model into ETWatch
should provide superior ET estimates for this system and for
any other application requiring daily ET estimates and/or the
accumulation of daily estimates into totals on a regional scale
for a specified time period. Such accumulated values are critical, for example, for water use planning, especially in arid and
semiarid areas. The ready availability of the satellite data from
which these estimates are derived makes ET estimation possible in these areas without the need for expensive in situ ET
measurement instrumentation. In the future, this method will
be applied to the estimation of regional daily ET map.
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