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A B S T R A C T

Operational estimation of spatio-temporal continuously daily evapotranspiration (ET), and the components
evaporation (E) and transpiration (T), at river basin scale is very useful for developing sustainable water resource
strategies, particularly in regions of limited water supplies. In this study, multi-year all-weather daily ET, E and T
were estimated using MODIS-based (Dual Temperature Difference) DTD model under different land covers in the
Heihe river basin in China, with a total area of approximately 143× 103 km2. The remotely sensed ET was
validated using ground measurements from large aperture scintillometer systems, with a source area of several
kilometers, over grassland, cropland and riparian shrub-forest land cover. The results showed that the remotely
sensed ET produced mean absolute percent differences (MAPD) of around 20% with the ground measurements
during the growing season under clear sky conditions, but the model performance deteriorated for cloudy days.
However, the daily ET product gave reasonable estimates for croplands with an MAPD value of about 20% and
the estimates of T/ET and E/ET in good agreement with ground measurements. The DTD model also significantly
outperformed other remote sensing-based models being applied globally. Based on these results the DTD model
is considered reliable for monitoring crop water use and stress and to develop efficient irrigation strategies.

1. Introduction

Arid and semi-arid lands cover approximately 40% of the world's
land surface, which are inhabited by nearly 40% of the total global
population (Reynolds et al., 2007). Many of these regions are affected
by periodic droughts resulting in water and food shortages as well as
environmental degradation. What's more, many endorheic basins
(closed inland river basin) in these areas have experienced significant
environmental stresses from rapid population growth and economic
development. In many of these river basins, water requirements for
sustaining economic growth while maintaining ecosystem functioning
have exceeded the available resources (Li et al., 2018a, 2018b).

Specifically, the significant increase in water consumption from the
agricultural irrigation from the upland water sources of the catchment

has led to serious degradation downstream. Therefore, it is critical to
develop a water resource strategy that can not only support agricultural
and commercial development but also sustains the ecological integrity
of the river basin.

The aim of efficient and effective irrigation management is to pro-
vide sufficient water to a growing crop, replenishing depleted plant
available water, and avoid crop water stress (Wright, 1985). However,
the actual rate of water use by vegetation can vary significantly due to
soil properties, amount of vegetation cover, phenology, atmospheric
demand and disease. Usually, the difference between the actual and
potential crop evapotranspiration (ET) are applied to identify crop
water deficits as well as the variable crop water use rate (Anderson
et al., 2012). This ET information is needed for developing efficient
irrigation strategies under different land cover conditions. One
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approach to efficiently assess and monitor spatially distributed water
use and stress at large scale is using satellite-based estimates of ET and
its components of evaporation (E) and transpiration (T), quantifying the
net loss of water vapor to the atmosphere (Semmens et al., 2016; Yang
et al., 2018). In addition, accurate partitioning of ET into E and T
permits the assessment of how much irrigated water contributes to the
crop growth and ultimately yield compared with non-beneficial water
loss from bare soil evaporation. What's more, at global scale, spatial
distribution of land ET, E and T play an essential role in modeling
water, energy and carbon cycles (Miralles et al., 2011; Zhang et al.,
2016).

The two-source energy balance model (TSEB) is a relatively simple
physically-based approach that can partition the composite radiative
temperature and energy fluxes into their components from soil and
vegetation (Kustas and Anderson, 2009; Kustas and Norman, 1999;
Norman et al., 1995). Based on the TSEB scheme, the Dual Temperature
Difference (DTD) model reduces sensitivity to errors in remote sensing
land surface temperature retrievals and to some extent non-local me-
teorological forcing (Guzinski et al., 2013; Norman et al., 2000). DTD
has already been applied to use land surface temperatures from Mod-
erate Resolution Imaging Spectroradiometer (MODIS) on board the
Terra and Aqua satellites to estimate daily land surface fluxes, ET, E and
T at different spatial resolutions (Guzinski et al., 2014).

However, satellite-based thermal infrared measurements cannot
penetrate clouds, which produces spatio-temporal discontinuities in the
land surface temperature retrievals and consequently ET at regional
scales. On a global basis nearly 50% of the land surface is cloud cover
prohibiting estimates of ET using thermal-infrared (Jin and Dickinson,
1999). Therefore, a reliable interpolation technique is needed, which
integrates meteorological data on cloudy days and remotely sensed
fluxes from a recent clear-sky observation to provide continuous daily
ET (Van Niel et al., 2012; Van Niel et al., 2011). An example of an
interpolation approach is using data assimilation approach coupled to a
prognostic land surface model (Xu et al., 2014; Xu et al., 2016).

The accuracy of remotely sensed ET products varies over space and
time, and land cover type. Their uncertainty at the instantaneous and
daily scales range from approximately 15–30%, however, errors can
exceed 50% on an annual basis (Kalma et al., 2008; Wang and
Dickinson, 2012). Understanding these variations in the accuracy of
remotely sensed ET products is important when implementing water
resource management strategy at watershed scales, especially in water
limited regions where irrigation from surface or ground water resources
exceeds recharge rates. Moreover, knowledge of how the accuracy of
remotely sensed ET products varies with season, land cover type and
climate zones are critical for improving the models in order that they
can be used to develop more efficient irrigation management tools, and
water resource planning for sustainable agricultural production and
ecosystem functioning.

The objectives of this paper are to estimate and validate daily land
surface ET, E and T partitioning using the remote sensing-based DTD
model together with MODIS and meteorological data at river basin
scale. These instantaneous and daily remote sensing-based ET products
are validated with in situ ET measurements at the satellite pixel re-
solution derived from optical large aperture scintillometer (LAS) esti-
mates of sensible heat flux in combination with aggregated net radia-
tion and surface soil heat flux. DTD model estimates of the partitioning
of ET into E and T were evaluated using the T/ET and E/ET ratios de-
rived from the flux variance similarity (FVS) partitioning method
(Skaggs et al., 2018) and from isotopic technology (Wen et al., 2016),
respectively, at the midstream site during the HiWATER experiment
(June to September in 2012). Finally, the spatio-temporal dynamics of
water use is analyzed for both natural vegetation and agroecosystems in
the river basin.

2. Materials and methods

2.1. Study area and field measurements

The study area is the Heihe River Basin, which is in the middle of
the Hexi corridor in northwestern China (Fig. 1) and covers an area of
approximately 1,432,000 km2 (Cheng et al., 2014; Li et al., 2013). The
basin is characterized by cryosphere in mountainous headwaters that
include glaciers, frozen soil, alpine meadow and forest; by crops such as
maize, wheat and vegetable symmetrically distributed along the irri-
gation district in the midstream; and by riparian ecosystems and
widespread desert downstream (Cheng et al., 2014; Li et al., 2013). The
basin is in an arid and semi-arid region where the mean annual
(1971–2000) air temperatures are 0.4 °C upstream, 7.3 °C midstream
and 8.2 °C downstream. The annual precipitation decreases rapidly
from 322.1mm upstream to 130.4mm midstream and 30.7mm
downstream, while the crop reference ET (McVicar et al., 2012)
(measured by Chinese micro-pans) increases significantly from
954.8mm to 1324.6mm and 2248.8mm in the three reaches respec-
tively (Cheng et al., 2010).

The Heihe Watershed Allied Telemetry Experimental Research
(HiWATER) was conducted in this region and three key experimental
areas respectively in the upstream, midstream and downstream were
selected for intensive and long term observations since 2012 (Li et al.,
2013). Here, the tower-based flux observation systems consisted of
networks of optical large-aperture scintillometers (LASs) and eddy
covariance (EC) towers that were deployed over grassland in the up-
land, irrigated cropland mixed with sparse residential areas in the
midstream and sparse riparian shrub-forest in the downstream (Fig. 1).
In the upstream, a LAS system (BLS450, LAS7) was installed in October
2012 at an elevation higher than 3 km above mean sea level, on flux
tower platforms. The LAS system measures over an alpine meadow
along a 2.39 km path and has an effective height of 9.5 m above ground
level. This allows the beam to cross more than two MODIS pixels. In the
agricultural plains region, four LAS flux observation systems (LAS1,
LAS2, LAS3, LAS4) were installed to measure large scale surface fluxes
(up to 10 km2) over flat irrigated seed maize fields at an elevation
higher than 1.5 km above mean sea level from May to September 2012.
These LAS systems measure over croplands with path lengths of 3.3,
2.8, 3.1 and 1.9 km for LAS1 through LAS4, respectively. The first three
LAS flux observation systems have the same effective height of 33.45m
above ground level, while LAS4 has an effective height of 22.45m. The
LAS1, LAS2 and LAS3 observation systems were dismantled after Sep-
tember 2012, but LAS4 system (BLS900) was left to measure the sen-
sible heat flux and its measurements were used to evaluate the modeled
fluxes. In addition, two LAS systems (BLS900, LAS5 and LAS6) were
installed over riparian shrub-forest (in the natural oasis of the Ejin) at
an elevation about 0.9 km near the watershed downstream area starting
in July of 2013. These two LAS systems measured along a 2.4 km path
and have the same effective height of 22.5m above ground level but
one LAS system was left from May 2015 and its measurements were
used to assess the modeled fluxes. These long beams allow the LAS
systems to measure surface fluxes over several MODIS pixels. Along
these LAS transects, one or multiple EC and automated weather station
(AWS) systems were also installed over the dominant land cover types.

The EC data with sampling frequency of 10 Hz used in partitioning
ET into E and T were collected at the Daman superstation located in a
maize field in 2012 during HiWATER (Liu et al., 2016; X. Li et al., 2017;
Y. Li et al., 2017). EC systems consisted of an open-path infrared gas
analyzer (Li-7500A, LiCor Inc., Lincoln,1 Nebraska, USA) and a 3-D
sonic anemometer (CSAT3, Campbell Scientific Inc., Logan, Utah, USA),

1Mention of company or trade names is for description only and does not
imply endorsement by the Beijing Normal University and US Department of
Agriculture.
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with a sampling frequency of 10 Hz. The sensor data were collected
using a data logger (CR1000, Campbell Scientific Inc., Logan, Utah,
USA). Estimates of E and T using the FVS partitioning method with the
EC 10 Hz CO2 and water vapor data used the algorithms proposed by
Scanlon and Kustas (2010) with refinements performed by Skaggs et al.
(2018). This method assumes that contributions to the EC measured
high-frequency time series of water vapor and carbon dioxide con-
centrations derived from stomatal processes and non-stomatal processes
separately conform to flux-variance similarity and therefore can be
separated (Scanlon and Kustas, 2010; Skaggs et al., 2018).

Additionally, an isotropic analyzer measured δ18O of atmospheric
water vapor and their flux ratios at the Daman superstation in 2012
during HiWATER also was used to quantify the E from soil and T from
the maize crop (Wen et al., 2016). Given the measured δ18O of atmo-
spheric water vapor and evapotranspiration (δET), the O18 composition
of soil evaporation (δE) was computed using the Craig-Gordon model
(Williams et al., 2004) and that of transpiration (δT) was approximated
by xylem water near by early afternoon. Finally, the ratio of E and T to
the total ET can be calculated based on the conservation principles with
the determined δET, δE, δE (Wen et al., 2016).

The collection interval of all the LASs was 1-min structure para-
meter of the refractive index of air Cn2, which was then averaged over
30min periods after careful screening. The main quality control steps
were as follows: (1) the data were rejected when Cn2 was beyond the
saturated criterion; (2) Data were rejected when the demodulation
signal was small; (3) Data were rejected within 1 h of precipitation; (4)

Data were rejected at night when weak turbulence occurred. Then, the
sensible heat flux (H) values over heterogeneous areas are derived by
combining with the meteorological data and based on Monin-Obukhov
similarity theory as described by Liu et al. (2011, 2013).

The optical LAS flux observation system can derive the surface
fluxes of H across a path of several kilometers over a heterogeneous
land surface. Before evaluating the representativeness of the LAS flux
observation system, a footprint model was applied to calculate the
source area of the flux measurements. The detailed theory of the foot-
print model is described in Liu et al. (2011). Fig. 1 shows the flux
footprints of the LAS (corresponding to approximately 90% of the
source area contributing to H) on a daily time scale under different
landcover conditions in the Heihe River Basin. From Fig. 1, the foot-
print model indicates that the source area of LAS flux observation
system covers an area encompassing several MODIS pixels (3× 1 or
2×2 MODIS pixels) in the upwind direction, depending on LAS in-
strument height and path length, wind speed/direction, atmospheric
stability and surface conditions (Bai et al., 2015; Kormann and Meixner,
2001).

The optical LAS flux observation system can only measure an in-
tegrated H over its path length. To obtain an estimate of the latent heat
flux (LE), spatially representative net radiation (Rn) and surface soil
heat flux (G) values are required to solve for LE as a residual in the
surface energy balance, LE= Rn−G−H. In this study, the average Rn
and G values within the estimated LAS source area/flux footprint were
obtained from weighting multiple net radiation and soil heat flux

Fig. 1. Study region and map of land cover/land use in Heihe River Basin, and the LAS observation locations in the upstream, midstream and downstream, along with
examples of the footprint coverage at daily scale (90%) in the images on the right and the MODIS pixels.
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measurements from the EC systems for the predominant landcover
types and/or divided into homogeneous landcover zones (Hemakumara
et al., 2003; Liu et al., 2011; Liu et al., 2013; Liu et al., 2016). The Rn
was measured using model PSP & PIR, sensors (Eppley Laboratory, Inc.,
Newport, Rhode Island, USA) and G measurements were made using
model HFP01SC sensors (Hukseflux Thermal Sensors, Delftechpark,
Delft, Netherlands).

2.2. Satellite and meteorological data

The remote sensing based DTD model can be driven by MODIS data
products and standard meteorological forcing. Here daytime and
nighttime land surface temperature maps over the Heihe River Basin
were obtained from the global 1 km MODIS land surface temperature
products (MOD11A1 Terra satellite obtained, Collection 5 and
MYD11A1 Aqua satellite obtained, Collection 5). However, the thermal
infrared satellite images are affected by cloud contamination, and the
cloudy pixels should be masked when generating a LST product. This
typically results in greater than half the LST data being removed from a
scene. To obtain a continuous LST time-series a robust gap filling al-
gorithm according to clear-sky neighboring pixels was applied to re-
construct cloud-contaminated pixels in MODIS daily and night LST
products. The details of this gap filling algorithm are described in Sun
et al. (2017b).

Another important model input parameter is leaf area index (LAI)
which is used in partitioning the LST and surface fluxes between soil
and canopy. Here, the daily LAI maps over the Heihe River Basin were
obtained from 4-day global 1 km MODIS LAI product (MCD15A3 Terra-
Aqua combined, Collection 5) and in combination with 8-day global
1 km GLASS LAI product (Xiao et al., 2014) used to correct known er-
rors in the MODIS LAI product. The MODIS LAI product was temporally
smoothed and gap-filled using the TIMESAT algorithm proposed by
Jönsson and Eklundh (2004). Landsat 8 visible and near-infrared
(VNIR) surface reflectance and thermal infrared data from 2013 to 2015
used to run TSEB were obtained from USGS. Landsat-scale LAI was
estimated from Landsat VNIR surface reflectance data applying MODIS
LAI products as reference (Butscher and Huggenberger, 2009).

To evaluate the relative utility of the DTD model for estimating ET
to other remote sensing-based methods, a comparison was conducted
with several global ET products. These included MOD16A2, BESS-ET
and GLASS ET, whose output was acquired over our study sites. The
MOD16A2 Version 6 Evapotranspiration/Latent Heat Flux product is an
8-day composite product produced at 500-meter pixel resolution
(https://lpdaac.usgs.gov/dataset_discovery/modis/), is based on the
Penman-Monteith equation. The BESS-ET product uses the Breathing
Earth System Simulator (BESS) that couples atmosphere and canopy
radiative transfers, canopy photosynthesis, transpiration, and energy
balance (Ryu et al., 2011). The GLASS ET produced by the Bayesian
model averaging which merges five process-based ET algorithms (Yao
et al., 2014). These algorithms included the MODIS LE products
(MOD16) (Mu et al., 2011), the Revised remote-sensing-based Penman-
Monteith approach (RRS-PM) (Yuan et al., 2010), the Priestley-Taylor
technique from the Jet Propulsion Laboratory, Caltech (PT-JPL) (Fisher
et al., 2008), the Modified satellite-based Priestley-Taylor method (MS-
PT) (Yao et al., 2013), and the Semi-empirical Penman scheme of the
University of Maryland (UMD-SEMI) (Wang et al., 2010).

In this study, the standard meteorological forcing including hourly
wind speed, air temperature, atmospheric pressure, relative humidity
and solar radiation were simulated at 5 km spatial resolution by the
WRF (weather research and forecasting) model in combination with
observations from China Meteorological Administration station (Pan
et al., 2012). These weather data are freely accessible from the fol-
lowing website (http://westdc.westgis.ac.cn/data/).

2.3. MODIS remote sensing-based DTD model

The DTD model implements the TSEB modeling scheme but uses a
morning time differential radiometric and air temperature to overcome
possible systematic bias in the temperature retrievals. Although originally
designed to be used with geostationary satellite or with continuous in situ
radiometer data, Guzinski et al. (2013) validated its utility with daytime
and nighttime MODIS surface temperature products and interpolated
weather station air temperature observations (Guzinski et al., 2015). The
DTD model applied to MODIS data can potentially estimate the surface
fluxes from watershed to regional, continental and even at global scales,
while reducing the effect of errors associated with the MODIS LST product
and coarse spatial resolution meteorological forcing. Details of the deri-
vation of the remote sensing based DTD model is originally described by
Norman et al. (2000) with refinements and applications with MODIS data
described in Guzinski et al. (2013, 2014).

In the original DTD model, the sensible heat flux (H) can be derived
with application of Eq. (14) in Anderson et al. (1997):

H
T T c f H r

f r r
H

( ) ( )
(1 ( ))( )

R a c a

a s
c=

+
+

(1)

where TR is the satellite derived directional surface temperature (K), Ta
is the air temperature (K), f(θ) is the vegetation fraction observed by the
satellite sensor over a zenith angle θ, ra is the aerodynamic resistance to
heat transport in air above the canopy (m s−1), rs in the resistance to
heat flow in the boundary immediately above the soil surface (m s−1), ρ
is the air density (kgm−3), cp is the heat capacity of air (J kg−1 K−1).

To improve the DTD model, the resistance network to sensible heat
flux was replaced with the series TSEB scheme, which allows for
iteration between the soil and canopy, with the following formulation:
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If we can obtain two times remote sensing LST products and me-
teorological data during a day, the first time is t0 and the second time is
ti, then the Eq. (1) can be applied twice, and H can express as (Guzinski
et al., 2014):
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In the original DTD model scheme, the t0 observation is taken to be
1 h after the sunrise, the heat flux for soil surface Hs,0=H0−Hc,0 and
Hc,0 are minimal and can be negligible (Norman et al., 2000). Here the
nighttime observation was used instead of the observation one hour
after the sunrise, for the energy fluxes are small they only cause
minimal influence in the daytime flux estimation, and sometime even
showed improvement by this adjustment (Guzinski et al., 2013). While
the night fluxes could be assumed to be negligible, the MODIS night-day
LST based DTD can be simplified as:

H c
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and Hci is constrained by canopy energy budget,
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H Rn f1ci ci PT G=
+ (5)

Then the total latent heat flux, LEi, at i time can be calculated as a
residual of the surface energy balance equation (Gi being the ground
heat flux),

LE Rn G Hi i i i= (7)

and the latent heat flux of soil LEsi also can be calculated as a residual,

LE LE LEsi i ci= (8)

The TSEB model net radiation equations (Eqs. (9) and (10)) for soil
and canopy net radiation, namely Rnsi and Rnci come from the for-
mulation of (Kustas and Norman, 1999) at time i.

Rn L T T S(1 ) (1 )si longwave i longwave c ci s si solar s
4 4= + + (9)

Rn L T T S(1 )( 2 ) (1 )(1 )ci longwave i s si c ci solar c
4 4= + +

(10)

where ε, α, are the emissivity and albedo, respectively; the subscripts c
and s refer to the canopy and soil, respectively. S↓ and L↓i are the in-
coming shortwave and longwave radiation (Wm−2) from the sky,
τlongwave and τsolar are the longwave and shortwave radiation transmit-
tances through the canopy, respectively. To estimate the component
surface fluxes from the soil and vegetation, the Priestley-Taylor and
parallel resistance formulations are combined, and the initial vegeta-
tion temperature is computed as (Norman et al., 1995):

T T Rn r
C

f1ci a
c AH

p
PT G= +

+ (11)

where Tci is the initial estimate of Tc, Ta is the air temperature at the
reference height, rAH is the aerodynamic resistance to turbulent heat
transport between the canopy source height and the reference height
(Wm−2). The value of αPT for the canopy transpiration under non-
stressed conditions is assumed to have a value ~1.26 derived from the
original Priestley-Taylor formulation (Priestley and Taylor, 1972), ex-
cept perhaps under well-watered vegetation cover conditions in
strongly advective environments where αPT may approach a value on
the order of 2 (Kustas and Norman, 1999). The variable fG is the frac-
tion of green vegetation, Δ is the slope of the saturation vapor pressure
versus temperature curve and γ is the psychrometric constant of ~0.06.
Once Tc is computed, soil temperature is derived using the Stefan-
Boltzmann law for the soil and vegetation system via Eq. (1). Under
canopy stress conditions, using a αc value of ~1.26 can result in an
elevated canopy temperature, then lower-derived Ts-values and hence
LEs < 0, which under daytime conditions is clearly not a physical so-
lution. Under such conditions, the model iteratively reduces the initial
αc until LEs > 0 (see Anderson et al. (2005) and Li et al. (2005) for
details).

The soil heat flux, G at 0 and i time when the MODIS satellite
overpass are modeled according to the scheme proposed by Santanello
and Friedl (2003):

G Rn a
b

t ccos 2 ( )s0 = +
(12)

where t is the solar time angle (in seconds), and a, b, and c are constants
that define the maximum ratio (a= 0.30) and the shape and phase shift
of the sinusoidal curve (b=80,000 s, and c= 3600 s) (Colaizzi et al.,
2012).

The instantaneous soil and canopy latent heat fluxes estimated at
MODIS overpass time are then upscaled to daily ET using the ratio of
instantaneous to daily insolation approach (Cammalleri et al., 2014;
Sun et al., 2017a), using the following equations

f LE R/SUN i si= (13)

LE f Rid SUN sid= × (14)

where LEi and Rsi are the instantaneous latent heat and insolation for
soil or vegetation at satellite overpass time, while LEid and Risd are the
daily total fluxes. Finally, the daily latent heat fluxes were converted to
daily E and T (mm) by dividing by the coefficient of latent heat va-
porization λ.

One key aspect in DTD (as well as in TSEB) is the assumption of
initial potential transpiration and its sensitivity to the αPT and/or fG. In
our case, since the retrieval of fG is challenging, and a robust method for
its estimation is still needed, we assumed a constant fG of 1, which is
likely to contribute to errors in ET estimates later in the growing season
as the vegetation undergoes senescence.

2.4. Spatial characterization

Although the source areas of LAS measurement can cover several
kilometers, they are not necessarily representative of the model output
from one/several coarse satellite pixels. This means that if the mean
flux value from several pixels was directly compared with the in situ
measurements, it is likely to introduce uncertainties for strongly het-
erogeneous surfaces when there is a spatial mismatch between the
model output and LAS source area. To understand the intrinsic prop-
erties of the land surface in the MODIS pixels, high-resolution surface
latent heat fluxes estimated using TSEB model and Landsat 8 image
data were applied to assess the degree of spatial representativeness
between a given LAS measurement source area and the surrounding
land surface extending to the MODIS pixel resolution. The semivario-
gram, a widely used geostatistical tool, was applied to quantitatively
describe the spatial variability of land surface conditions (Román et al.,
2009) and the spatial representativeness of the LAS measurements by
using the finer resolution Landsat-based LE estimated by TSEB model
across the MODIS pixels.

In this study, the semivariogram was used to obtain the average
squared semi-difference between the ET values which are within certain
distance bins defined by multiples of 30m (the spatial resolution of a
Landsat 8 pixel).

r h
N h

z x z x( ) 1
2 ( )

( ( ) ( ))
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N h

i i h
1

( )
2=

=
+

(15)

where r(h) is the variogram estimator between the ET that are within
the certain distance h. zx is the ET at pixel location x, and zx+h is the ET
at another pixel within a lag distance h, N(h) is the number of pairs
within this distance. Here the spherical, Gaussian and exponential
models are used to fit the variogram model parameters, such as range,
sill and nugget effect to the variogram estimator:

Spherical

r
c c h

a
h
a

h a

c c h a

1.5 0.5 for 0

for
sph

0

3

0

=
+

+ > (16)

Gaussian

( )r h c c e h( ) 1 0
h
a0= + > (17)

Exponential

( )r h c c e h( ) 1 0
h
a0

2

= + >
(18)

The range (a) describes the average patch size of the land surface
where there is no further correlation of water and heat flux conditional
property associated with a point. The sill (c) describes the maximum
semivariance, which is the ordinate value of range where the variogram
levels off to an asymptote while the lag (h) goes to infinity. The nugget
effect (c0) describes the offset variance value of the variogram at h=0.
Here, smaller sill values indicate a more homogenous water and energy
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flux spatial distribution condition. This would mean that the LAS
measurements are more spatially representative and more appropriate
to be used to validate the remotely sensed ET products even if the flux
footprints only represent a fraction of the MODIS pixel. On the other
hand, the spatial representative of LAS measurements is reduced with
the increasing sill values, and hence larger uncertainty may be in-
troduced when applying these measurements to evaluate the remotely
sensed ET products at MODIS resolution.

3. Results

3.1. Representativeness of measurements

One of the main objectives of this study is to produce continuous
spatio-temporal remotely-sensed ET estimates, and its components of E
and T, at watershed scale. As a secondary objective, this study aimed
also to develop approaches to validate MODIS-derived estimations of
the ET based on measurements from LAS towers, which can represent a
much larger footprint compared to EC towers. However, the model-
measurement comparison not only depends on the quality of LAS data
but also on the heterogeneity of the source area of integrated by the LAS
instrument and the representativeness of the available energy (Rn-G)
which at the MODIS coarse pixel resolution is assumed to be homo-
geneous. By applying the variogram to the finer resolution Landsat
based estimates of LE using the TSEB model, the within pixel hetero-
geneity of the MODIS-based output of ET could be assessed. In other
words, the finer pixel output from TSEB could be selected and ag-
gregated according to source area of LAS system (see Fig. 1) (Hoedjes
et al., 2007; Liu et al., 2016; Román et al., 2009).

The results of the variogram analysis indicates that the ET is rela-
tively homogeneous over an extended region at the midstream site, but
the upstream and downstream sites are more spatially complex and
heterogeneous during the growing season. Smaller sill value indicates a
more homogenous moisture state suggesting that the observations are
representative of a significantly greater area than just the flux tower
footprint. This also means that ET was relatively homogenous at the
scale of LAS source-area resolutions which also correspond to the
MODIS pixel size. At the midstream site smaller values of semivariance
computed for Landsat derived ET existed over much of the growing
season except very early in the season. However, the upstream and
downstream sites are more spatially heterogeneous during the growing
season and hence the LAS measurements are less representative of ET
flux at the MODIS resolution. Fig. 2 shows relatively high semivariance
values in early season at upstream site followed by lower rates in the
mid-season, and then to extremely small values at the end of the
growing season. This means the surface conditions are more homo-
geneous towards the end of the growing season for the grassland-
dominated upstream and ET becomes more uniform since variability in
cover and moisture have less impact on ET.

3.2. Model evaluation

Land surface fluxes estimated from MODIS based DTD model for the
satellite overpass times, averaged over the LAS tower footprint are
compared to LAS estimates of available energy (Rn-G) upscaled from
ground point measurements (Fig. 3), direct measurements of H (Fig. 4)
and LE (Fig. 5) computed as a residual during the MODIS acquisition
dates. At all the upstream, midstream and downstream sites in the
Heihe River Basin, the DTD model estimates of the flux components Rn-
G, H and LE fall generally along the one-to-one line with the LAS esti-
mates during the growing season. The difference statistics between
modeled and observed surface fluxes are listed in Table 1.

Better agreement between modeled and measured heat fluxes ex-
isted at the midstream site mainly covered predominately by maize
than for the upstream and downstream sites, which are mainly covered
by grassland and mixed forest, respectively. The DTD model tend to

have higher values of Rn-G and LE in both upstream and midstream
sites, and slightly lower values of Rn-G, H and LE for downstream site.
The scatter between modeled and measured H is particularly trouble-
some, and may be due in part to the small variability in H and size
source area sampled by the LAS sensors within the larger MODIS pixel.
For LE, DTD yielded a mean absolute percent deviation (MAPD) value
of 28%, 16% and 22% for the upstream, midstream and downstream
sites, respectively when compared with LE calculated from ground
measurements. This is encouraging given that Rn-G is derived from
several point samples on the ground and is not likely to be fully re-
presentative of the values for a whole MODIS pixel. The higher MAPD
values for H relative to Rn-G and LE are due in part to the overall
smaller range in H values The highest values of MAPD for H is at the
midstream site caused by many extremely low H values from the irri-
gated densely vegetated maize fields which are often affected by sig-
nificant advection of heat from the surrounding dryland region (Song
et al., 2016).

When applying the model under cloudy conditions, the estimated
fluxes were derived using the reconstructed MODIS LST according to
clear-sky neighboring pixels from nearby data and adjustment factors
that involve the distance and similarity between the absent and
neighboring pixels. Scatterplot of in situ surface heat fluxes including
Rn-G, H and LE and modeled surface heat fluxes for both clear and
cloudy days are also provided in Figs. 3 through 5. Not surprisingly, the
agreement between MODIS based DTD model output and the flux ob-
servations is better on clear days, having lower scatter, than under
cloudy days where the input of LST had to be derived from spatial in-
terpolation.

Table 2 lists the difference statistics for daily ET estimated from the
DTD model at MODIS coarse pixels versus ground measurements, in-
cluding both clear days and cloudy days. The MODIS based DTD model
yielded larger daily ET values at upstream and midstream with the
mean bias values of 0.69 and 0.40mm/day, respectively, while smaller
daily ET values were computed for downstream site in Heihe River
Basin. MAPD for daily ET estimates are slightly greater than for the
instantaneous estimates, with significant large value of 46% at up-
stream but lower values of 29% and 28%, respectively at midstream
and downstream. However, the model performed significantly better
under clearly sky condition at upstream and midstream sites, with
MAPD values of 27% and 15%, respectively.

The larger errors of daily ET time series for the upstream area are
associated with the frequent rain events. The MODIS LST spatial in-
terpolation is likely to add additional noise when applying these data to
estimate surface heat fluxes for the cloudy days. The average modeled
and measured coarse scale ET in grasslands in the upstream, croplands
in the midstream and the riparian shrub-forests in the downstream re-
gions were between 3 and 4mm/day, with higher rate of water con-
sumption for the riparian shrub-forest and cropland than the grassland.

The DTD ET product significantly outperformed the global remote
sensing ET products (8 day) which included MOD16A2, BESS-ET and
GLASS for the 2014 growing season (see Table 3). Moreover, the daily
ET product from DTD was comparable or had slightly better accuracy
than reported in studies using these other remote sensing models (X. Li
et al., 2017; Y. Li et al., 2017; Ma et al., 2015; Wang et al., 2016; Zhou
et al., 2018). In addition, with DTD there is estimation of ET parti-
tioning between E and T which is useful information for detecting plant
stress and improving water use efficiency. In the MOD16A2 algorithm,
the stomatal conductance is restricted by the VPD (Mu et al., 2011),
while the plant is always under unstressed condition in the agricultural
areas even when the VPD value is elevated. Consequently, application
of this algorithm over irrigated agriculture in arid regions is likely to
result in an underestimation of canopy conductance, which will lead to
the underestimation of transpiration and ET. (Yang et al., 2015). This is
also the case for BESS-ET since it makes use of the MOD16A2 algorithm
to produce ET (Ryu et al., 2011). For the GLASS ET performance was
slightly better since this scheme merged several different model output
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(an ensemble) which tends to yield a more reliable output in the en-
semble than any individual model (Yao et al., 2014).

3.3. Temporal patterns in ET during growing season

Time series of observed and modeled daily ET at coarse scale for
2012–2015 growing seasons under grassland, cropland and shrub-forest
cover conditions are shown in Figs. 6–8. In these plots, the observed ET
is computed from LAS measurements of H and multiple tower mea-
surements of Rn and G computing LE by residual. The modeled values
represent a spatial average over all 1-km pixels within the given LAS
footprint area. The observed seasonal ET showed very similar patterns
for the growing season, where ET values increased rapidly in the early
growing season, reached the maximum in the mid-July and then de-
clined gradually starting at the end of July as plants matured and then
began to go into the seeding and subsequent senescent stage. The re-
motely sensed LAI computed from NDVI will decrease in response to
plant senescence but the uncertainty in the total LAI (the contributions
from both the green and senescent plant material) is likely to increase in
the later part of the season affecting DTD model performance. The
seasonal modeled and observed ET patterns also fluctuated greatly on
the rainy days due to the absence of high levels of solar radiation and
low atmospheric demand. The number of rainy days decreased from the
wetter upstream site to the generally drier downstream area within the
Heihe River Basin.

Figs. 6 and 7 illustrate the similarity in model performance between
grassland and irrigated cropland in the Heihe River Basin during the
growing season under clear sky conditions. Here, the modeled ET

closely tracked the seasonal dynamics of field water consumption de-
rived from solving LE as a residual using daily LAS H measurements
together with multiple flux tower observations of Rn-G. In contrast, the
model showed a much stronger response to the rainfall events, produ-
cing a significant overestimation of daily ET when compared with LAS
measurements on days where rain occurred. These discrepancies caused
by the large precipitation events contribute to a major part of the MAPD
statistic during model evaluation especially at the upstream site where
there was frequent cloud cover and rainfall events during the growing
season. On the other hand, there are larger discrepancies at the
downstream site containing the riparian shrub-tree even though this
location showed a lower cloud cover frequency. The greater model-
measurement discrepancies is due in part to underestimation of daily
solar radiation simulated by WRF when interpolating the instantaneous
modeled LE to daily ET combined with the significant heterogeneity in
moisture state as indicated by the semivariogram analysis.

A more extensive assessment of DTD model T and E partitioning was
conducted using the ratio of T/ET and E/ET estimated from the FVS
partitioning method (Skaggs et al., 2018) and estimated from isotopic
technology (Wen et al., 2016), respectively, at the midstream site
during the HiWATER experiment (June to September in 2012). The T/
ET and E/ET values from the DTD model are in good agreement with
those derived from the isotope approach for the entire growing season
(Fig. 9). On the other hand, the DTD model yielded T/ET and E/ET
values that were approximately 10% higher and lower, respectively,
than estimated by the FVS partitioning method, and there is greater
scatter in comparison to the isotope method.

Greater discrepancies in the partitioning between modeled and the

Fig. 2. Land surface latent heat flux of Landsat estimates semivariogram functions, variogram estimator (points), model simulation (solid lines) using regions of
different spatial scale over Heihe River Basin.
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two measurement techniques occurred under rainy or cloudy day
conditions and later in the season where the vegetation was undergoing
senescence. These conditions generally led to a larger estimate of T
relative to E from DTD model compared with the FVS partitioning
method.

The season trends in T/ET and E/ET over the cropland area given by
the DTD model follow the temporal trend in LAI. There is gradual in-
crease T/ET from the early growing season followed by a plateau in
these values during the middle season and then rapid decreases asso-
ciated with the leaf senescence resulting in decreasing crop LAI towards
harvest. The day-to-day fluctuations in T/ET and E/ET estimated from
both DTD and the FVS flux partitioning method was mainly associated
with variations in solar radiation forcing (cloudiness) and atmospheric
demand. The isotropic technique had less variability perhaps due to
more restrictions on what data was acceptable for estimating the par-
titioning.

3.4. Spatial patterns and statistics in evaporation and transpiration during
growing season

Spatial patterns at coarse scale of monthly E and T over the Heihe
watershed during the growing season are varied and complex for the
diverse land cover and climate conditions. Fig. 10 demonstrates the
variability in monthly cumulative E and T from the modeled daily va-
lues through the whole Heihe watershed from June to September 2013.
In the early season (June), T values are greater for the cropland in the
midstream and woodlands while its values are relatively uniformly
distributed over the other surfaces including the grasslands and desert.
The higher T rates for the cropland at the midstream, and forest and
shrub at the upstream are associated with the maize seeding in the later
May, followed by irrigation, and tree leafing out later in the spring. In

July and August, vegetation water use increases rapidly since over these
two months the highest rate of vegetation growth and biomass accu-
mulation occurs.

There are several identifiable cases with greatest T rates accumu-
lation under oasis irrigation districts in the Ganzhou district, Linze,
Gaotai, Jinta, Jiuquan, and others, in the midstream. T variations be-
tween irrigation districts can be the result of different crop types or may
relate to different irrigation scheduling. In addition, the forest, shrub
and grass distributed along the upstream river also show high water
consumption during this peak vegetation growth period. Here the T
variation is associated with the magnitude of vegetation biomass and
leaf area for the different vegetation types. Later in the season, from
about early September, the vegetation undergoes senescence resulting
in generally lower water use by the vegetation within the Heihe wa-
tershed.

The irrigation districts in the midstream have a distinctly greater T
rate than at the upstream region, which includes forests, shrubs and
alpine meadows, having slightly lower vegetation biomass, and fol-
lowed by even lower T rates at the downstream area which is a natural
oasis site covered by a sparse riparian shrub-forest ecosystem. The
greatest T rate in the irrigation districts is associated with the densest
plant biomass and abundant plant available water via flood irrigation,
which was applied four times during the growing season. In addition,
the high temporal frequency of clear-skies and high evaporative de-
mand also accelerated the water consumption by the crops. However, in
the upstream, with similar dense vegetation coverage, the higher tem-
poral frequency of rainfall and cloudy-skies tends to reduce vegetation
water use due to generally lower daily available energy (Rn-G). While
in the downstream, the low flows from the Heihe River due to sig-
nificant withdrawals for irrigation by the midstream region, together
with the very little precipitation exacerbates the limited water available

Fig. 3. Scatterplots comparing observed available energy and estimates obtained with MODIS based DTD model on satellite overpass times for instantaneous flux for
the upstream, midstream and downstream sites in the Heihe river basin.

L. Song et al. Remote Sensing of Environment 219 (2018) 72–88

79



for this area. As a result, this causes water stress conditions to some-
times exist in this part of the watershed, suggesting that additional
available water is required, especially during drought, to maintain a
healthy shrub-forest ecosystem.

The magnitude of E/ET for the Heihe river basin is relatively
high,> 65%. This is because much of the basin is largely (84%) com-
prised of semi-arid and arid sparse vegetation cover (see Fig. 1). In the
early growing season, the vegetation coverage is relatively low in the
upstream and midstream but there is a high soil moisture content, re-
sulting in large evaporation rates from the soil surface. However, the E
rate decreased gradually in the middle of the growing season due to
rapid plant growth that significantly increases the interception of in-
coming solar radiation and attenuation of wind so that little radiation
and wind reach the soil surface. This in turn leads to limited radiation
and turbulent exchange at the soil surface and hence, small E rates.

The monthly E and T rates under different landcovers during the
growing season in the Heihe River Basin are illustrated in Fig. 11, which
were calculated according to the landuse and landcover map. The
monthly accumulated T values increased rapidly in the early growing
season and then reached a peak in July. The crops consumed most of
the water because they have high leaf area index, shading much of the
soil surface, and a fully developed rooting system accessing irrigated
water through the soil profile, which remained at a high moisture
content due to frequent irrigation and rainfall. The next highest level of
T values is obtained for wetlands, forests and shrubs, while the alpine
meadow yielded the lowest plant water use. The ability for photo-
synthesis and transpiration for the different canopies declined greatly in
September when they began to undergo senescence. However, the E
rates from the soil surface have small fluctuations that is affected by the
variable solar irradiance, vegetation cover, and soil moisture content.
The E values for soil surfaces covered by moderate canopy density

deceased gradually from June to September as the solar irradiance re-
duced and the vegetation cover grew. Here, the E rates for semiarid
sparsely vegetated surfaces also have a similar variability to the areas
with more vegetation, which may be due to the sparse plant cover in the
desert. However, deriving canopy fraction and a canopy temperature
related to estimating T for the semi-arid site is very difficult at such
coarse MODIS resolutions. In addition, MODIS LAI product for the de-
sert/semi-arid sites often would provide LAI values essentially equal to
zero, which often is not the case and had to be corrected based on the
GLASS LAI product.

4. Discussion

Although heavily irrigated agricultural areas and heterogeneous
surface may not be an ideal test case for both measurement and mod-
eling of ET using LST, they are having a major impact on water re-
sources in many regions world-wide, particularly those that are water-
limited. The discrepancies between ET measurements (both LAS and
EC) and ET receives using LST are caused by several factors which in-
clude uncertainty in LST and vegetation cover, key boundary condition
for the thermal-infrared ET models. For EC and LAS measurements,
advection and surface heterogeneity cause uncertainty in ET observa-
tions. However, there are also issues related to the mismatch in spatial
resolution between the remote sensing model output which is restricted
by the pixel resolution and the spatial representativeness of the flux
measurements. Depending on the model resolution, this involves up-
scaling the tower-based EC measurements of ET, the available energy
term using LAS measurements of sensible heat flux to derive ET or
microwave LAS measurements of ET. For many landscapes this is a
significant challenge when combined with the uncertainty in flux
footprint models for validating model output (Li et al., 2018a, 2018b;

Fig. 4. Scatterplots comparing LAS observed sensible heat flux and estimates obtained with MODIS based DTD model on satellite overpass times for instantaneous
flux for the upstream, midstream and downstream sites in the Heihe river basin.
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Liu et al., 2016; Xu et al., 2018). These issues are discussed in greater
detail below.

4.1. Issues of model limitation

There is a significant scatter in the comparison scatterplots of H
from DTD model and LAS measurements. This may be introduced by the
issues related to the representativeness of MODIS resolution output of

DTD model and the LAS measurements, or by the limitation of the TSEB
and its single set of resistant parameterizations for various landscapes.

To understand the poor performance of DTD model under hetero-
geneous land surface conditions, the finer 30m resolution of remotely
sensed H and Rn-G were estimated using the TSEB model in combina-
tion with Landsat images during the growing season from 2013 to 2015
and the pixels within the footprint of the LAS sensors were aggregated.
The aggregated H and Rn-G values were compared with the LAS

Fig. 5. Scatterplots comparing ground measurements calculated latent heat flux and estimates obtained with MODIS based DTD model on satellite overpass times for
instantaneous flux for the upstream, midstream and downstream sites in the Heihe river basin.

Table 1
Statistical measures of model performance at upstream, midstream and down-
stream sites by comparing with ground measurements including both clear sky
and cloudy conditions during the growing season (June 1 to September 30)
from 2012 to 2015 in middle stream and from 2013 to 2015 in up and down
stream. Note that figures contain separate statistics for clear and cloudy days.

Number Rn-G (W/m2) H (W/m2) LE (W/m2)

Upstream 261 Mean measured 412 86 341
MB 22 −7 29
MAPD 21% 45% 28%
RMSE 103 47 112
R 0.75 0.13 0.57

Midstream 309 Mean measured 425 68 379
MB 29 4 25
MAPD 16% 57% 16%
RMSE 83 51 77
R 0.84 0.30 0.85

Downstream 312 Mean measured 385 103 291
MB −12 −2 −10
MAPD 17% 45% 22%
RMSE 83 58 83
R 0.64 0.15 0.75

Table 2
Statistical results of modeled vs measured daily ET at upstream, midstream and
downstream sites in Heihe watershed.

Area Mean observed
mm/day

MB
mm/day

MAPD
(%)

RMSE
mm/day

R

Clear sky Upstream 3.8 −0.32 27% 1.3 0.44
Midstream 4.4 −0.14 15% 0.8 0.80
Downstream 3.8 −0.57 27% 1.1 0.53

Cloudy Upstream 2.2 0.81 63% 1.7 0.37
Midstream 2.6 0.92 47% 1.5 0.62
Downstream 3.1 −0.04 30% 1.2 0.34

Table 3
Statistical results of modeled vs measured daily ET under grassland, cropland
and shrub-forest conditions.

Models Bias (mm/8-day) MAPD RMSE (mm/8-day)

DTD 4.1 21% 7.2
MOD16A2 −11.5 48% 15.7
BESS-ET −10.2 45% 14.2
GLASS-ET −10.8 41% 13.1
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measured H and average Rn and G values (Fig. 12) within their foot-
print at the upstream, midstream and downstream, respectively. In
Fig. 12 there tends be lower scatter compared with Fig. 4, which sug-
gests there may be a lack of equivalence in the representativeness of

DTD output with LAS source area/flux footprint.
But the general underestimation of H from TSEB model was still

observed particularly for the downstream site. This may be due in part
to the use of the Priestley-Taylor assumption with fG=1 while the

Fig. 6. Seasonal variation in modeled daily ET by DTD compared with measurements from LAS at upstream site for the three-year study period (2013–2015).

Fig. 7. Seasonal variation in modeled daily ET by DTD compared with measurements from LAS at midstream site for the four-year study period (2012–2015). The
blue arrows represent irrigations during the growing season. (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of this article.)
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canopy had undergone senescence (Guzinski et al., 2013; Guzinski
et al., 2014; Song et al., 2016). Another contributing factor could be the
underestimation of the LAI under high land surface temperature con-
ditions. At higher LAI with the same elevated land surface temperature
can result in a reduction in the Priestley-Taylor term indicating vege-
tation stress conditions. Additionally, under this natural oasis-desert
system with native plants adapted to arid environments, the defined
Priestley-Taylor coefficient α or the fG may be generally lower (Agam
et al., 2010; Kustas et al., 2016). However, in the DTD model, the
Priestley-Taylor coefficient αPT for the vegetated canopy is normally set
to an initial value equal to 1.26, and there is a procedure in place that
can incrementally reduce αPT to account for water-limited conditions.
However, there is no a priori methodology for increasing αPT under
well-watered advective conditions (Kustas and Norman, 1999). In this
study, the midstream area is in an oasis-desert ecosystem, where well-
irrigated cropland will be strongly influenced by heat advection from
the surrounding desert area. The influence of strong advection can re-
sult in the value of αPT exceeding 1.26, especially during mid-season.
However, since the DTD model is unable to automatically adjust

(increase) αPT for this condition, this explains in part the increased
scatter between modeled and observed H and LE for the midstream
area.

4.2. The spatial representativeness of ground measurement

The comparison between observed and MODIS estimated daily ET
showed good agreement for midstream site under clear-sky days in
Fig. 7 which may be associated with better spatial representativeness of
LAS measurements at MODIS resolution given the lower variogram
range (Román et al., 2010; Román et al., 2009). Additionally, the values
of semivariance and variogram range over the extended region at
1.5×2.5 km are also smaller during the growing season. Consequently,
the MODIS derived instantaneous heat flux and daily ET can be assessed
directly by applying the ground measurements from LAS tower except
during of rainfall events (described in Section 4.2). At the midstream
site, the soil moisture and heat flux conditions are more heterogeneous
during the early growing season, which is indicated by the higher value
of semivariance calculated using Landsat-estimated surface latent heat

Fig. 8. Seasonal variation in modeled daily ET by DTD compared with measurements from LAS at downstream site for the three-year study period (2013–2015).

Fig. 9. Comparison of the modeled (a) T/ET% and (b) E/ET% values from DTD with the ground measurement data using the stable oxygen and hydrogen isotopic and
high-frequency EC data using FVS flux partitioning method.

L. Song et al. Remote Sensing of Environment 219 (2018) 72–88

83



flux on June 22th in 2014. This could partly explain the larger dis-
crepancy between the ground measurements and MODIS estimated
daily ET in the early growing season over the four years (Liu et al.,
2016).

For agricultural areas containing a patchwork of fields of irrigated
crops with areas of hot and dry bare soil, however, the footprints of LAS
a s well as MODIS pixels have significant subpixel heterogeneity (Bai
et al., 2015; Jia et al., 2012). This could compromise the spatial re-
presentativeness of both the model output and the LAS measurements
and thus reduce the reliability in validating the MODIS coarse scale ET
products using the ground-based LAS observations. As the spatial re-
presentativeness improves with the decrease in semivariance, the as-
sessment of MODIS ET products using the ground observation should be
more robust.

Over the riparian shrub-forest, values of the semivariance remain at
the highest level during the growing season, and hence the water and
heat fluxes are more heterogeneous which is likely to significantly de-
teriorate the spatial representativeness of the LAS measurements (Jia
et al., 2012). Additionally, there is a mismatch between the source area
of ground observation and the 2× 1 MODIS pixels (Liu et al., 2016)
(Fig.1). This could account in part for the discrepancy between the
MODIS derived daily ET consisting of a mixture of natural oasis and
surrounded desert landscape and the LAS measurements representing
mainly the ET from the natural oasis.

4.3. Uncertainty introduced by measurement and model inputs

To ensure the high quality of LAS measurements, measured sensible
heat flux data were rejected when the demodulation signal was small
and/or was collected within 1 h before or after rainfall events. This

results in a significant number of missing data, especially in wet regions
such as the upstream of Heihe River Basin with abundant precipitation.
The absence of LAS sensible heat flux data required temporal inter-
polation of available energy using the nonlinear regression relationship
between the area-averaged observed net radiations derived by multiple
flux tower measurements. Then the large scale latent heat flux was
computed applying the surface energy balance model. However, errors
in daily ET on the order of 5% to as high as 15% under extreme con-
ditions (Hui et al., 2004; Novick et al., 2009), are introduced with this
applied data gap filling methodology (Falge et al., 2001). These errors
will contribute to the discrepancies between the modeled and observed
daily ET. The longer gaps caused by the higher rainfall frequency will
likely exacerbate the difference between the modeled and measured
daily ET at the upstream sites (Fig. 3).

The regression method may work well when the relationship be-
tween the net radiation and sensible heat flux data is robust, but the
absence of significant correlation in their relationship can add much
noise in the gap filled data. The nonlinear regression relationship was
developed using observed data under fair weather conditions (mostly
clear sky), hence it is be able to produce the mean flux densities under
these conditions (Hui et al., 2004). Thus for days with variable clou-
diness or rainy weather where there is a much greater variability in flux
magnitudes than under clear-sky conditions, these interpolations are
highly unreliable. Finally, the length of the time used to gap fill due to
rainfall or poor weather conditions also is significant and will cause
greater uncertainty in the observed fluxes.

The MODIS based DTD model reduced the sensitivity to errors of
input remote sensing surface temperature data (Norman et al., 2000),
but using land surface temperature not representative of the flux
measurement footprint can result in significant discrepancies with the
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Fig. 10. Spatial time series of month E (down row) and T (up row) under different land cover conditions over Heihe river basin. Where the blank areas are bare soil
and deserts, and the LAI estimated from MODIS is set to zero.
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observation (Kustas et al., 2012; Tang et al., 2011). Moreover, the
cloud-contaminated pixels of MODIS land surface temperature products
are reconstructed using the underplot approach developed based on the
clear-sky neighboring pixels from nearby dates. However, significant
uncertainty is likely introduced when there are longer time gaps and
large area of cloud obscured pixels in the images (Alfieri et al., 2017).
This will result in a higher degree of scatter between the modeled and
observed fluxes as is evident in Figs. 3 through 5. These suggest that
more accurate model inputs under all-weather conditions such as in
combining land surface temperature derived from Ka-band microwave
data under cloudy conditions could improve model performance (Duan
et al., 2017; Holmes et al., 2015).

5. Conclusion

Multi-year daily ET maps in a semi-arid region were generated using
MODIS-based DTD model. The remotely sensed daily ET was assessed at
MODIS satellite pixel scale using the LAS measurements under different
landcovers including grassland, cropland and riparian shrub-forest.
Differences with the LAS estimates of daily ET were generally within
20%. The daily ET estimates from DTD were also compared to several
global scale ET models and shown to be superior. These results support
the utility of the DTD modeling approach as a potential tool for de-
veloping a more effective watershed irrigation management and a
water resource strategy for water allocations to agricultural,

Fig. 11. Monthly statistics of modeled E and T under different land covers in Heihe river basin.

Fig. 12. Scatterplots comparison of heat fluxes between LAS observation and estimates aggregated from Landsat based TSEB model output on satellite overpass times
for the upstream, midstream and downstream sites in the Heihe river basin.
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commercial and environmental uses. The main conclusions are sum-
marized as follows:

1. The MODIS-based DTD model performed best over croplands and on
clear days when compared with ground measurements.
Additionally, the modeled spatially-distributed time series of daily
ET for the cropland, grassland and riparian shrub-forest ecosystems
show interesting details of water use variability during the growing
season. Generally, acceptable instantaneous LE estimates from 2012
to 2015 growing season at 1-km spatial resolution in Heihe River
Basin were obtained using MODIS-based DTD model under all
weather conditions. However, heterogeneous nature of the land-
scape and the representativeness of LAS measurements compared to
the resolution of MODIS-based DTD output was investigated using
finer pixel resolution Landsat data. These factors were shown to
contribute to the measured-modeled discrepancies in surface fluxes
for some land cover conditions. This spatial mismatch between the
measured and modeled fluxes was especially apparent for the
downstream shrub-forest and desert land covers existing in the
MODIS pixel.

2. Despite the observed limitations, the river basin scale daily ET from
the MODIS-based DTD model significantly outperformed the three
other global ET models. Moreover, the E and T estimates derived
using the MODIS-based DTD model in combination with meteor-
ology data, provide some insight to daily plant water use for the
different landscapes vegetation types. This information can be uti-
lized by water managers to better allocate limited water resource
between agroecosystems and natural ecosystems in a more sus-
tainable way fostering agricultural development while maintaining
ecosystem functioning. Although decisions regarding allocation of
water resources depend on multiple factors, including economic

impacts, population growth and environmental sustainability, daily
T and E maps can provide a more comprehensive measurement of
how efficiently water is used for plant biomass production and ul-
timately crop yield versus the soil which provides little if any benefit
to increasing production. This information could be used to improve
irrigation and water conservation techniques in the irrigated agri-
cultural areas.

3. Model produced ET estimates at MODIS satellite pixel scale are
being compared to direct ET observations from microwave LAS
systems and from a network of EC flux tower systems. However
further refinements/improvements to remote sensing-based ET
models will require more reliable inputs of meteorological forcing,
and better tracking of plant phenology, such as more accurate de-
termination of the seasonal progression of the actively transpiring
vegetation or green fraction, fG. In addition, methodologies for
measuring E and T contributions at coarse satellite resolutions
(1 km) (e.g., Scanlon and Kustas, 2012) is needed before remote
sensing-based methods estimating E and T can be adequately tested.
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Appendix A. MODIS land surface temperature interpolation

The cloudy MODIS LST reconstruction approach proposed by Sun et al. (2017b), is based on assumption that the LST difference between nearby
pixels is small during a short time period. For two clear-sky neighboring pixels with the same weather conditions, the their LST recorded at the
satellite overpass time on day t0 can be expressed as,

LST x y t LST x y t( , , ) ( , , )0 0 0 1 1 0 0= + (A1)

where (x0, y0), (x1, y1) are the locations of two nearby pixels, t0 is satellite observation date, ɛ0 is the LST difference between two pixels. Similarly, on
the next day, t1:

LST x y t LST x y t( , , ) ( , , )0 0 0 1 1 1 1= + (A2)

where ɛ1 is the LST difference on day t1. Both of the ɛ0 and ɛ1 should be close to zero while the land surface is homogenous. And the ɛ0 can be
assumed close to ɛ1 even under heterogeneous surface under similar weather conditions.

With this assumption, if LST at location (x0, y0) is absent at day t0, it can be calculated as:

LST x y t LST x y t LST x y t LST x y t( , , ) ( , , ) [ ( , , ) ( , , )]0 0 0 0 0 1 1 1 0 1 1 1+ (A3)

The LST for a missing central pixel (x0, y0) on day t0 can be interpolated with a weighting function, in combination with additional information
from neighboring valid pixels.

LST x y t W LST x y t LST x y t LST x y t CF( , , ) [ ( , , ) ( , , ) ( , , ) ]
p i

N

i0 0 0
1

8

1
0 0 p 1 1 0 1 1 p= +

= = (A4)

W D S

D S

1/( )

1/( )
i

i i

i

N
i i

1

=

= (A5)

where Wi is a weighting function, Di is the distance factor and Si is the environment similarity factor, CF is the cloud correction factor, here, it is
defined according to the difference of the red band reflectance between the cloudy and clear sky conditions. p is the day of the comparison image, i is
the position of a valid neighboring pixel, and N represents the total number of valid pixels selected from 9×9 pixels' window for each date p. We not
only use valid pixels from the nearest day, but also from the 8 days surrounding the target reconstruction date to increase sample size.

Due to a dearth of reliable land surface temperature measurements with a source area about 1 km in our study area, the MODIS LST was
evaluated with the radiometric surface temperatures calculated from four-component radiation measurements (Fig. A1). The results showed that the
remote sensing LST products with RMSEs of 3.4 K, 2.3 K and 3.8 K under grassland, cropland and riparian shrub-forest, respectively, compared with
the radiometric temperatures in Heihe River Basin.
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Fig. A1. The comparison between the MODIS LST and radiometric temperature during the growing season in A'Rou supper site (grassland), Daman supper site
(cropland) and Sidaoqiao supper site (riparian shrub-forest).
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