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A B S T R A C T

This study proposes a new method for downscaling actual evapotranspiration from resolution of 1-km to 30-m.
The disaggregation approach is performed using the Jarvis model to simulate surface resistance, which describes
the restriction of vapor from land surface, in the water exchange process without using land surface temperature
data. The integrated surface resistance model, which takes climate indicators and canopy conditions into ac-
count, is primarily validated using in situ observations and employed in the downscaling model with con-
siderable accuracy covering an entire growing season (April–October) in Zhangye Oasis. Good performance and
good agreements between daily downscaled results and flux records from an EC (Eddy Covariance) tower have
been obtained. The coefficient of determination (R2) ranges from 0.80 to 0.91, and the mean bias (MB) ranges
from 0.17 to 0.72. The vegetation growth process is also captured well by the downscaled results. The proposed
method in this research performs better than downscaling approach based on land surface temperature. The
accurate validation results and detailed spatial patterns suggest that the proposed downscaling strategy is re-
liable for water resource management.

1. Introduction

Currently, large number of human being are suffering from water
stress (Vörösmarty et al., 2000; Hameed et al., 2019). Water supply
shortages play a direct role in the deterioration of economic conditions
in some countries with arid and semi-arid climates (Gleick, 2013).
Thus, a systematic water saving strategy is urgently needed. Traditional
water management schemes have been demonstrated to be ineffective
when faced with intensive human activity and supply of available water
without considering water recycling as part of the whole system
(Grafton, 2017; Perry, 2011). Evapotranspiration (ET) is the summation
of evaporation (mainly from the soil) and transpiration (from canopy-
level plants) and constitutes a dominant proportion of actual water
consumption of land surface. ET-based water management projects for
monitoring actual consumption have been proposed as a new type of
approach across different applications from agriculture to ecology
(Anderson et al., 2012; Gowda et al., 2008; Thevs et al., 2015), but this
technique requires adequate ET information. Considering the hetero-
geneity of the land surface, ET measurements can be expanded from the
site scale to the basin scale with the help of remote sensing (RS)

technology. RS-based water research can provide estimates of surface
conditions that vary spatially over short periods of time (Li et al., 2013).
With the help of diverse remote sensors and advanced data manage-
ment systems (Gorelick et al., 2017), more data can be involved to
complement traditional hydrological research (Pekel et al., 2016).

Because of the complexity of ET models, considering a method that
can retrieve water consumption from a single data source seems im-
possible. Typical regional ET simulation model requires remotely
sensed land surface parameters (spatial resolution usually consists with
expected results) combined with meteorological information (from sa-
tellite or in situ observations) to calculate the energy flux (Allen et al.,
2007; Bastiaanssen et al., 1998; Norman et al., 2003; Su, 2002;
Timmermans et al., 2007). Among all the input parameters needed for
ET estimation, which is based on energy balance, land surface tem-
perature (LST) is critical for describing the energy transformation
process (Su, 2002). The temperature gradient between land surface and
boundary layer is indicative of the energy flux at the interface. There
are sensors with diverse spatiotemporal resolutions in service that can
provide LST information for ET estimation. Unfortunately, finer spatial
resolution images are usually associated with longer time intervals.
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Selecting adequate LST data sources is required to improve the success
of energy-balance-based ET monitoring (Singh et al., 2014).

One strategy to obtain gridded ET data with a consistent high
temporal resolution and a high spatial resolution is to combine RS data
from diverse sensors with different resolutions. Studies have been
performed on disaggregating low-resolution LST data into higher-re-
solution (Kustas et al., 2003; Agam et al., 2007). Thus, low-resolution
LST data, in combination with other information like meteorological
observation, could be used to calculate higher-resolution ET (Bechtel
et al., 2012; Bisquert et al., 2016; Zakšek and Oštir, 2012). Additionally,
some studies have proposed methods for creating coarse ET maps using
different surface parameters directly. A spatial and temporal adaptive
reflectance fusion model (STARFM) was used to disaggregate coarse ET
dataset into 30-m-resolution with finer grids (Liu et al., 2011). Some
researchers have employed the correlations among ET map with dif-
ferent time intervals and spatial resolution to extend 30-m ET map from
a snapshot to a complete time series, with the temporal information
provided by MODIS (Hong et al., 2011; Singh et al., 2014;
Spiliotopoulos et al., 2013). Methods mentioned above can be classified
as a combination of ET estimates with two spatial resolutions, which
could take the advantages from different RS images. However, surface
ET based on energy balance approach with a high spatial resolution are
not always available, especially during wet seasons, due to the cloud
contamination over RS images. Thus, other RS indicators with 30-m
grids could be used driving downscaling model. Research by Ke sug-
gests that ET has high correlation with the normalized difference ve-
getation index (NDVI; (Ke et al., 2016)). Furthermore, Tan proposed a
downscaling method based on the NDVI and historical ratios that could
be obtained from a wider range of remote sensors, like Landsat and
HuanJing satellites (Tan et al., 2017). Disaggregating ET using NDVI or
other indicators can avoid the limitations associated with the lack of
available high-resolution LST images but may eliminate some high-
frequency signals. Hence, the downscaling approach is usually per-
formed with eight- or ten-day time intervals.

Similar to the energy balance approaches, estimating ET by the
Penman-Monteith (PM) equation has exhibited good performance as
well (Allen et al., 1998; Cleugh et al., 2007; Leuning et al., 2008; Mu
et al., 2007). Researchers using this strategy have to employ surface
resistance (Rsur) as the driving indicator of evapotranspiration from
land.Rsur is mainly affected by leaf conductance over vegetated areas
and by soil conductance over bare land. However, transpiration
through stomata during photosynthesis is a very complex process and is
affected by many factors, such as solar radiation, air temperature and
vapour pressure deficit (VPD) (Jarvis and Mcnaughton, 1986). Some
researchers have concentrated on the parameterization of leaf con-
ductance and surface resistance. A “discount” model of stomatal con-
ductance (reciprocal of stomatal resistance) was first proposed by
Jarvis, and this model assumes leaf stomatal is at the most active stage
under a considerable environment, with the maximum velocity of
photosynthesis, and thus transpiration (Jarvis and Mcnaughton, 1986).
Stomatal conductance will decrease with environmental deviation from
the ideal conditions occurs. The environmental parameters taken into
account and the chosen parameterization strategy differ among re-
searchers (L et al., 2004; Oren et al., 2010; QL et al., 1997; Xu and
Baldocchi, 2003). Compared to the Jarvis approach of deviation from
the ideal conditions, the method proposed by Leuning features a more
specific consideration upon weakening of radiation by canopy (Leuning
et al., 2008). Further parameterization and calibration of this model is
needed as well. A comparison and review of the diverse Rsur simulation
methods could be found in (Li et al., 2015; Song et al., 2012). Most Rsur
models can be applied over large range of earth surface with the help of
RS images. Notably, LST data are not always necessary for the esti-
mation of ET in some PM-based ET monitoring strategies.

Considering the limitations of LST data and the good performance of
the PM method based on surface resistance, a new downscaling method
of actual ET is proposed in this paper. To calculate daily surface

resistance, 30-m satellite images are employed. Based on the calculated
results, the 1-km ETWatch dataset is then disaggregated to a resolution
of 30-m, since the validated good performance of the dataset in current
research region (Wu et al., 2016). In Section 2, a detailed description of
the research area and material, contains a detailed description of ET-
Watch, is provided. In Section 3, the parameterization of surface re-
sistance and the downscaling approach are described. An evaluation
and validation of the surface resistance model and downscaled ET re-
sults are provided in Section 4. Discussion and conclusions are provided
in Section 5.

2. Data and materials

2.1. Research area

This research is conducted in the middle reach of the Heihe basin, a
small oasis located in Gansu Province, China. The Heihe River flows
through three north-western provinces, and the catchment features
several climate and topographic types. The middle reach
(98°57′–100°52′ E, 38°39′–39°59′N) near Zhangye City covers an area of
approximately 3200 km2. After long-term cultivation by local residents,
the area of intensely irrigated farmland in the oasis has remained stable
over the years, and the cultivated areas are surrounded by bare soil and
sparse grassland. Due to the scarcity of water suppling (approximately
110mm of rainfall per year, with annual average temperature of 7 °C
and a near 2000mm of potential evapotranspiration), small arbours,
rather than large forests, are usually planted outside farmland as shel-
terbelts. In summary, the research area features a typical oasis under a
semi-arid climate. The single growing season of vegetation in this re-
gion usually starts in April and ends in October.

Due to the representativeness of the Heihe basin, a system of ground
observations has been implemented for this region (Li et al., 2013,
2009) and includes many aspects of water resource management (Li
and Guo, 2015; Li et al., 2016). Data from four flux sites are used to
validate the downscaled results in this study. Detailed information on
the four sites can be found in Table 1. A spatially distributed soil texture
map has been obtained from the Food and Agriculture Organization
(FAO; (Nachtergaele et al., 2010). Among which, the Daman site (DM)
represents cropland with irrigation (in the case of the research period,
maize). The Shidi site (SD) is located inside the Zhangye National
Wetland Park and features a wetland surface, which is associated with a
greater water supply than cropland. The Gebi site (GB) is located in
sparse grassland near a small patch of farmland. Validation results at
this site could reflect the performance and reliability of the downscaling
approach when faced with heterogeneous region and mixing pixels. The
last site is the Shenshawo site (SSW), which records flux data over a
desert area without vegetation. This site is taken into account for the
purpose of validating surface resistance model under condition with
sparse vegetation covering. Flux towers with supersonic anemometer
(CSAT3) and gas analyser (Li7500A) could provide origin observation
with 10 Hz of frequency. Records are then processed into 30-min in-
terval by Eddypro (Liu et al., 2016). The four sites are all equipped with
an automatic weather stations (AWS) to record routine weather para-
meters. The positions of the flux sites and a land cover map are shown
in Fig. 1(a), relative position and DEM (Digital Elevation Model) map of

Table 1
Detailed information at four flux sites. Land cover information is from China
Cover (Ouyang et al., 2016). Information of soil type is from FAO (Nachtergaele
et al., 2010).

Site name Land cover Soil type Latitude Longitude Altitude

Daman Cropland Silty loam 38.85 100.37 1556
Shidi Wetland Loam 38.97 100.44 1460
Gebi Sparse Grass Clay loam 38.91 100.30 1562
Shenshawo Desert Sandy loam 38.78 100.49 1594

S. Tan, et al. Journal of Hydrology 577 (2019) 123882

2



the oasis could be referred to Fig. 1(b) and (c) respectively, which
displays no obvious hills inside the oasis. Actually, there is no slope
with more than 15° in the region.

2.2. ETWatch data

Daily water consumption estimated by ETWatch strategy is per-
formed as ET input with coarse grids in this research. The model is a
parameterized actual ET simulation system that combines surface en-
ergy balance strategy (SEBS) and the PM method at daily interval (Chen
et al., 2013; Wu et al., 2012). Results of the system have been calibrated
and validated under several climate types, and the model has been
demonstrated to produce reliable water consumption estimates for
basin-scale water management (Wu et al., 2012, 2016). Approximately
90 cloud-free MODIS images per year are used to estimate the in-
stantaneous energy balance at the visiting snapshots by the “residue
approach” covering entire Heihe region, which consider target latent
heat flux as the residue of net radiation minus sensible heat flux and soil
heat flux. Sensible heat at snapshots is calculated based on the tem-
perature deficit between the land surface and the planet boundary layer
at a certain height, which is detected by Feng method (Feng et al.,
2015). Layered air temperature and pressure data are provided by gap-
filled MOD07 atmospheric profile product with 5-km grids and daily
temporal scale. Considering the vegetation growth, topography and
microscopic surface roughness, an approach for estimating the in-
tegrated aerodynamic roughness length is employed during the simu-
lation of air resistance (Xing et al., 2014). Energy fracture (ef ) at
MODIS snapshots, which describes the ratio of latent heat flux against
available energy from radiation is then calculated based on the pro-
portion of energy balance components.

Daily net radiation (Rn) received by land surface is simulated by an
approach, which is similar with the method recommended by the FAO-
56 (Allen, 1997). Determined parameters of sunshine duration in the
model, which are calibrated for diverse cloud types and are provided by
a geostationary meteorological satellite, are used to estimate the daily
sunshine hours (Wu et al., 2017). The method for simulating the diurnal
surface soil heat flux (G) is based on research from Zhu et al. (2014).
Instantaneous latent heat flux is then extended to the whole day scale

with the help of ef since daily information about net income energy
over the land surface is available. An inverse PM equation is used to
calculate the surface resistance during a clear day. To obtain daily ET
with limited cloud-free RS images, a time series re-construction ap-
proach that considers parameters that influence Rsur is used (Wu et al.,
2016). During this step, information of time-series leaf area index, va-
pour pressure deficit and soil moisture dynamics are used by a simpli-
fied expression of Rsur (Wu et al., 2012; Xu et al., 2018). Daily water
consumption is calculated based on routine meteorological observa-
tions. All sub-models mentioned above have exhibited high accuracies
in the Heihe basin. Overall correlation coefficient (R2) of ETWatch
ranges from 0.86 (at DM) to 0.77 (at SSW) in 2013.

2.3. Satellite data

RS data with a 30-m spatial resolution is employed in this research,
which covers the complete growing season, from April to October, of
maize and other crops in the oasis. Since the spatial pattern of the ca-
nopy changes gradually, one image per month can meet the require-
ments of the NDVI time series reconstruction. Landsat8 Operational
Land Imager (OLI) images were downloaded from Earth Explorer
(https://earthexplorer.usgs.gov/). Only one image is needed to cover
the whole research area (path 133 and row 33) every 16 days.
Unfortunately, no images are available in August and September due to
cloud contamination. Images from the HuanJing Satellite (HJ-1A and
HJ-1B), which are available from the website of CRESDA (China Centre
for Resources Satellite Data and Application), are chosen as a substitute.
The HJ images have the same spatial resolution as the Landsat8 images
(30-m) but a shorter time interval (2 days). Research has been per-
formed on the normalization of images from the two satellites (Zhong
et al., 2014). Images from HJ have been transformed into same co-
ordinate system as those from Landsat8, which means that the pixels
from the two satellites represent the same surface area. The detailed
acquisition dates of the 30-m images are listed in Table 2. In current
research, surface reflectance and NDVI map is required providing ve-
getation condition, which is commonly used an integrated concept that
contains growing status and vegetation phenology (Fensholt et al.,
2004). The 30-m snapshot images are then gap-filled into daily series.

Fig. 1. Location and land cover information of research area. (a), Land cover map of Zhangye Oasis with the position of flux sites. (b), relative position of entire Heihe
basin and Zhangye oasis to China. (c), DEM map of the Oasis.
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Additionally, 30-m land cover data sourced from RS images is
produced by an object-based method with a total accuracy of over 90%
(Zhang et al., 2014). The dataset is revised every 5 years countrywide,
and data from 2010 is used in the current research. Since the area of the
cropland and grassland near Zhangye City keeps unchangeable, this
time interval is reasonable. According to the dataset, cropland re-
presents approximately 49% of the region and is surrounded by a large
area of sparse grassland (32%) and desert (9%). In addition to artificial
surfaces (7%), forest (2%) and water areas (1%) represent small pro-
portions under this semi-arid climate due to intense evaporation.

3. Method

There are three steps in the downscaling of daily ET. The daily
surface resistance of the at 1-km resolution is first retrieved by the PM
equation, which is introduced in Section 3.1. Then, daily 30-m surface
resistance is estimated by the calibrated Jarvis approach using 30-m RS
images. Assuming the atmospheric indicators are stable inside a single
pixel, ET distribution at 30-m resolution can be calculated using the
downscaled 30-m surface resistance.

3.1. Calculation of coarse surface resistance

Surface resistance with a 1-km resolution is retrieved by inverting
the PM method (Monteith, 1965):
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+ +
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where E (MLm−2 day−1) is the latent heat flux; s (kPa°C−1) is the
slope of the curve relating saturated water vapour pressure to tem-
perature; A (MLm2−2day−1) is the available energy calculated using
net radiation and soil heat flux; ρ (gL−1) is air density; Cp (Jkg−1°C−1)
is the specific heat capacity of air; esat (kPa) is the saturated vapour
pressure at a certain temperature; ea (kPa) is the actual water vapour
pressure; and Ra (sm−1) is the aerodynamic resistance. The psychro-
metric constant γ is usually given as 0.665× P10 3 , where P (hPa) is the
atmospheric pressure. The surface resistance (Rsur , sm−1) is the in-
tegrated resistance of evapotranspiration between the land surface and
the atmosphere, which indicates the restriction upon the water vapor
from all objects of land surface over a certain range (Monteith, 1965).

Energy and water flux from the surface of the Earth is usually
hampered by the vegetation canopy and near-surface atmospheric
layers. Aerodynamic resistance (Ra, sm−1) represents the resistance of
the energy flux and water vapor transformation, and is calculated fol-
lowing the method suggested by the FAO (Allen et al., 1998).
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where zm (m) is the height of the wind speed recorder, zh (m) is the
height of humidity recorder, Z m0 (m) is the roughness length, Z h0 is the
roughness length governing the transfer of heat and vapour, d is zero
plane displacement height, k is Von Kaman’s constant and is usually set
as 0.41, and uz (ms−1) is the wind speed at height z .

Z m0 and d reflect the geometric roughness of the land surface and
canopy during the transfer of energy. Z m0 is usually expressed as a
function of a constant (0.1) multiplied by canopy height, which de-
pends on the type and growing status of canopy (Zeng and Wang, 2006;
Chen et al., 2013). Maximum canopy height (hc) could refer to Table 4.
Furthermore, d can be estimated by an empirical expression, such as the
following equation (Colaizzi et al., 2004; Pereira et al., 1999).

= e
LAI
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m

0.5
0

(3)

where h (m) is canopy height estimated by relative correlation with hc.
During this step, routine meteorological observations (wind speed,

air temperature, and relative humidity) are necessary as inputs. The
spatial distributions of A and Ra can be simulated based on RS images.
Among the strategies of Ra calculation, the method above is chosen in
this research because RS-based LST estimates are not necessary in this
model (Liu et al., 2007). After all the data are prepared, inversion of the
PM equation has been conducted to retrieve daily Rsur since meteor-
ological indicators and spatial distributed A and Ra.are all available as
following Eq. (4), in which the parameters share the same units and
meaning with Eq. (1).
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3.2. Parameterization of surface resistance at high resolution

The simulation of high-resolution surface resistance is based on 30-
m RS parameters. Considering the contributions of different surface
types inside one pixel, the Rsur of the land surface over every single
pixel could be expressed by sub-pixel objects as follows: (Li et al., 2009)

= + +R f R f R f Rsur s s s1 ,1 2 ,2 3 ,3 (5)

where fn represents the area fraction of land cover type n, and Rs n, is the
surface resistance of land cover type n. Under most circumstances, only
the contributions from vegetation and soil are taken into account. Thus,
we can write the following:

= +R f R f R(1 )sur v c v soil (6)

where fv is vegetation coverage, Rc (ms−1) is the resistance over the
vegetation canopy and Rsoil is the resistance from the soil. Since we can
consider every pixel is a mixture of vegetation and bare land, Rc and
Rsoil describe the resistance during water vapor transfer for canopy and
soil surface respectively. Rc is mainly affected by leaf stomata and leaf
area, while Rc is influenced by soil particles and soil water content. The
fractional vegetation cover ( fv) calculated from NDVI images can be
retrieved by the following empirical equation:

=f NDVI NDVI
NDVI NDVIv

min

max min

2

(7)

The soil resistance (Rsoil) in Eq. (8) is simulated by a strategy similar
to the “discount” model and involves considering the soil water content.
Parameters for every soil type are suggested by Ghilain et al. (2014) and
have been validated to perform well:

= ×R Rsoil soil min
g wilt

sat wilt
,

3

(8)

where Rsoil min, (ms−1) is the minimum soil resistance, which is taken as
50ms−1, sat (m3m−3) is the saturated soil water holding capacity of a
certain soil type, and wilt (m3m−3) is the wilt water content (Hu and
Jia, 2015). g (m3m−3) is actual soil moisture, which is provided and
interpolated using daily observations (over 10 sites). The para-
meterization strategy assumes that evaporation from the soil is highly
correlated with the physical characteristics of soil particles, which is
displayed in Table 3 (Chen and Dudhia, 2001; Zhuang et al., 2016).

Table 2
Acquisition dates of the 30-m images employed during downscaling.

Month Acquisition date

April 2013 16th April
May 2013 2nd May
June 2013 3rd June
July 2013 21st July
August 2013 4th August (from HJ)
September 2013 21st September (from HJ)
October 2013 9th October
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The Jarvis approach has been used to simulate canopy resistance as
follows (Noilhan and Planton, 1989):

=R
R
LAI

F F Fc
c min,

1
1

2
1

3
4

(9)

where Rc min, (ms−1) is the minimum leaf resistance indicating the
maximum leaf conductance and transpiration velocity under ideal
condition; LAI is the leaf area index, which describes the leaf density of
a given canopy; and F1, F2 and F3 are environmental indicators de-
scribing deviation from the ideal conditions. Notably, (Song et al.,
2012) treats soil moisture (SM) as a climate factor in their model. Ac-
cording to research by Ma et al. (2017) under the same climate type, no
significant relationship exists between Rc and the soil water content
once a minimum threshold is reached. Besides, there is a strong cor-
relation between canopy condition and water supply. LAI in the fol-
lowing equation could reflect the vegetation condition difference
caused by SM. Finally, we do not take the SM factor into consideration.

Rc min, represents the minimum leaf resistance (largest conductance)
under ideal conditions, as displayed in Table 4 (Chen and Dudhia,
2001). LAI can be retrieved using an empirical RS method.

F1 reflects the influence of solar radiation, which usually has a po-
sitive effect on transpiration (Sellers, 1994):
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+

+
F
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where

= ×f R
R LAI

0.55 2s

sl (11)

and where Rc max, (ms−1) is the maximum value of the leaf resistance,
which is relatively insensitive in the calculation and always set as a
constant (5000ms−1); Rs (Wm−2) is the downward shortwave radia-
tion; and Rsl is a scaling parameter and set to 100Wm−2 as a constant
value. A higher LAI value represents a denser canopy, which usually
means more leaves and better use of solar energy.

=F C VPD1 v2 (12)

F2 is the factor describing the influence of the VPD, where Cv
(hPa−1) is an indicator of the response to VPD variation for diverse

vegetation types. A higher VPD value corresponds to greater drying
power. Canopy resistance increases under dry conditions to avoid water
loss. Parameterization of Cv could also refer to Table 4.

The highest transpiration rates occur when the air temperature is
high, and the transpiration rate decreases with deviation from this
condition. Factor F3 represents the influence of temperature deviation
on leaf resistance (Dickinson, 1984).

= ×F T1 0.0016 (298 )a3
2 (13)

where Ta (K) is the air temperature at the height of the canopy.

3.3. Downscaling strategy

The overall water consumption of one coarse pixel (e.g. with a re-
solution of 1 km grid) should be the summation of the ET contributed
from every finer-scale pixel inside it (Kustas and Norman, 2000). Then
we can write the mixing step as:

=
n

E E
km

m
1

30
(14)

Given the assumption that atmospheric factors usually remain
constant at the scale of 1 km, Rsur dominates the modelled ET of every
30-m grids. We can combine the Eqs. (1) and (14) as follows:

=Rsur Rsur
nkm

m
1

30
(15)

The aim of the downscaling process in this research is to decompose
Rsur km1 into every single Rsur m30 grid without changing the total water
consumption amount simulated with 1-km grids. Due to the inevitable
differences between remote sensors, a “matching” step is needed during
the downscaling of Rsur to guarantee that the summation of the
downscaled Rsur is the same as the original coarse Rsur km1 , which is
similar to DisAlexi approach (Norman et al., 2003). Retrieved Rsur m30
data are then employed to disaggregate Rsur km1 into every 30-m grids.
In this step, pixels in high-resolution image of surface parameters are
‘‘matched’’ to the coincident coarse pixel by making a linear slope ad-
justment to accommodate differences due to different sensor view an-
gles, uncertainties in sensor calibration, and resistance models. Thus,
we can write the following equation:

= ×Rsur Rsur Rsur
Rsur n/downscaled km

m

m
1

30

30 (16)

where Rsurdownscaled is the downscaled 30-m Rsur , Rsur km1 is the re-
sistance retrieved from the 1-km ET dataset in Section 3.1, Rsur m30 is the
30-m resistance simulated by the Jarvis strategy in Section 3.2, and n is
the number of 30-m pixels in the studied 1-km grid. A diagram com-
bines with a workflow of the downscaling process is displayed in Fig. 2.
Land surface in a 1-km pixel is usually dominated by different land
cover types. Mixed resistance from every object, or small surface pat-
ches, caused a mixing of ET under same meteorological condition. This
mixed surface resistance is then disaggregated into single 30-m grids,
based on the modelled Jarvis resistance simulated by Eqs. (6)–(13).
During this step, every 30-m pixel inside 1-km grid is taken into ac-
count, which is decided by the central position of 30-m grids. Since
daily 1-km ET map and meteorological indicators are available, the
downscaled Rsur is then employed to driving downscaling model at
daily scale. The complete disaggregation system is displayed in
Fig. 2(b).

4. Results

Since the Jarvis-based surface resistance model has been optimized
in the research area by other researchers, we follow the para-
meterization strategy from (Song et al., 2012). The performance of the
surface resistance model is first validated using in situ records from flux
sites in Section 4.1. Good performance of the resistance model enables

Table 3
Parameterization of different soil types (Chen and Dudhia, 2001; Hu and Jia,
2015). sat (m3m−3) is the saturated soil water holding capacity of a certain soil
type, and wilt (m3m−3) is the wilt water content.

Soil Type sat wilt

Loam 0.439 0.066
Sand 0.339 0.01
Silt 0.476 0.084
Clay loam 0.465 0.103
Loamy sand 0.421 0.028
Sandy loam 0.434 0.047
Silty clay loam 0.464 0.12
Sandy clay loam 0.404 0.067
Bare rock 0.25 0.094

Table 4
Parameterization of maximum canopy height (hc), minimum canopy resistance
(Rc min, ) and sensitivity to VPD (Cv) of different land cover and vegetation types
in the research (Chen and Dudhia, 2001; Chen et al., 2013).

Land Cover Type hc(m) Rc min, (ms−1) Cv(hPa−1)

Forest 20 100 0.025
Grass land 0.2 40 0.0155
Wet land 0.01 150 0.0155
Crop land 2 40 0.023
Bare land 0.05 50 –
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the success of disaggregation. Downscaled result is then used in Section
4.2 to test the reliability for further application. Since the method is
proposed for the purpose of improving water management, the eva-
luation of current downscaling approach mainly concerns about the
detailed present of spatial pattern, validation accuracy using flux ob-
servation. There is a comparison between downscaling results using
images from different satellites in Section 4.3 and comparison between
downscaling approach proposed in this research and based on LST in
Section 4.4.

4.1. Model performance

Validation of surface resistance is usually conducted by retrieving
ET results using the PM equation. In the current research, we obtained
complete ET records that cover the entire growing season in 2013
(April–October) at the DM and SSW sites. At the GB site, some data
were lost (approximately 20 days), and only data from late June to
October are available at SD site due to the maintenance of equipment.

Comparisons between in-situ observed ET data and model-retrieved
ET data are shown in Fig. 3. The results suggest that the surface re-
sistance model performs better at DM, with a coefficient of determi-
nation (R2) of 0.94. Due to the complexity of turbulence at sparsely
vegetated sites, such as SSW and GB, the model exhibits a slightly in-
considerable accuracy. The SD site is located in a wetland with reeds,
and an underestimation is observed at this site. The Jarvis Rsur model
was initially designed for vegetation canopies, so the good performance
at the DM site is expected. Similar accuracies have been reported by
other studies (Song et al., 2012).

Among the four sites, the average daily ET is higher at SD (4.45mm
from June to October) than at DM (2.98mm). Considering both sites
feature a closed canopy (LAI values greater than 1.5 during the growing
season), abundant soil water content could contribute to greater eva-
poration from bare land. The soil around the SD site is always saturated
due to the supply of water from the wetland. Therefore, introducing the
soil resistance parameter effectively describes the evaporation from
areas between plants. In the energy-balance-based ET approach that
uses LST data, a sufficient water supply in the soil will decrease the LST,
but the resistance term accounts for the effects of the soil water content
and the associated evaporation. Hence, modelling ET using this ap-
proach is straightforward and reasonable.

Good accuracy is observed at 3 sites with partial vegetation cov-
erage (DM, SD and GB), indicating that the strategy of dividing the land
surface into areas of canopy and bare soil is adequate. The overall R2 of
0.96 for all 4 sites, with a root mean square error (RMSE) of 0.40, in-
dicates that the current Rsur model is reliable. The good accuracy of the

proposed resistance model should guarantee the success of the down-
scaling with RS data input.

4.2. Downscaled results

The validated surface resistance model is then employed with
complete RS data input. The original 1-km and downscaled 30-m results
of total water consumption covering the entire growing season
(April–October) are displayed in Fig. 4. The ETWatch 1-km dataset is
interpolated by bi-linear interpolation to a 30-m resolution for better
comparison without extra spatial details. The downscaled results follow
the spatial trends in the original coarse dataset: intense water con-
sumption over cropland and lower ET over bare soil. In particular,
water consumption is higher over riparian forests and crop. The
downscaled ET map clearly displays spatial differences between crop
and forest areas (in the north). Similarly, small villages, patchy fields
and railways are not obvious in the 1-km image but can be recognized
easily in the downscaled results.

Further water management monitoring could be performed with the
help of the downscaled dataset. The current downscaling approach
maintains the consistency of the overall ET data inside each coarse pixel
in the original dataset. The average ET values for different land cover
types are held constant after disaggregation. However, the ET map with
a 30-m resolution can provide more information for water manage-
ment. Globally, the average annual water consumption is 545.2mm for
cropland and 183.4mm for grassland. Based on an average rainfall of
approximately 110mm, exploitation of groundwater could be esti-
mated based on the 30-m ET map. For example, there is a small
sprinkler-irrigated area in the southeast (approximately 2 km×2 km)
that is not clearly shown in the 1-km map. An average ET of 518mm
over this patch is estimated based on the 30-m ET map. Although this
small patch experiences addition evaporation related to advection, an
advanced irrigation strategy still holds the potential to save water.

Although forested areas are sparse in the research area, the average
water consumption of these areas is calculated to be 497mm during the
growing season. Additionally, trees beside the river tend to consume
more water (678mm). Consequently, the presence of trees represents a
trade-off: increasing the number of trees would create a more stable
ecosystem but would result in greater water consumption.

Figs. 5 and 6 show scatter plots and the temporal progression of ET
at the 4 sites, with detailed statistics listed in Table 5. Similar to the
model validation results, the DM site shows the best performance
among the 4 sites, with R2 values of 0.86 for ETWatch and 0.91 for the
downscaled data. The results for SD exhibit a good consistency with the
original ETWatch data but an inconsiderable performance when

Fig. 2. Introduction of downscaling approach in this research. (a), diagram describing the mixing of surface resistance with 1-km and 30-m grids respectively. (b),
workflow of the downscaling strategy, blue parallelogram represents input data and mid-process data, yellow block means calculation method, red parallelogram is
output results. (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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Fig. 3. Comparison between in situ observed ET against retrieved ET by the Jarvis Rsur model at four flux sites covering the entire growing season (April–October) in
2013: (a) Daman, (b) Shidi, (c) Gebi, and (d) Shenshawo. Red line is linear fitting line. (For interpretation of the references to colour in this figure legend, the reader
is referred to the web version of this article.)

Fig. 4. ET distribution summarized by daily water consumption from April to late October. The left figure is ET map with 1-km grids and then interpolated to 30-m
for better comparison. The right figure is downscaled 30-m ET map covering the same period.

S. Tan, et al. Journal of Hydrology 577 (2019) 123882

7



compared with in situ observations. Specifically, the results at this site
show an underestimation of ET after September. This phenomenon in-
dicates that the coarse dataset at this site somehow neglects soil eva-
poration for saturated wetland during this period. Little improvement
in the R2 values with respect to the coarse dataset is observed at the GB
and SSW sites. Disaggregation based on surface resistance is reliable

when complex mixed pixels are decomposed into different components.
Overall, the downscaled results follow the accuracy of the coarse da-
taset with little improvement. The d values range from 0.93 at SSW to
0.98 at DM, which suggest good performance of the model as well.

A comparison of the monthly residuals between the original 1-km
dataset and the downscaled results is displayed in Fig. 7 to show the

Fig. 5. Comparison between in situ observed ET against downscaled ET by daily simulated Rsur at four flux sites covering the entire growing season (April–October)
in 2013: (a) Daman, (b) Shidi, (c) Gebi, and (d) Shenshawo. Red line is linear fitting line. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)

Fig. 6. Temporal progression of in situ observed ET and downscaled ET at four flux sites: (a) Daman, (b) Shidi, (c) Gebi, and (d) Shenshawo. The black line is daily
observation recorded by EC system, the red line is modelled ET by the downscaling strategy. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)

S. Tan, et al. Journal of Hydrology 577 (2019) 123882

8



performance of the disaggregation process. Obvious accuracy im-
provements by the downscaled results are observed at DM and GB,
especially during June to September. The two sites are located in a
heterogeneous patch with a mixture of bare land and vegetation at the
1-km scale. The improvement in accuracy means that the decoupling of
vegetation and soil pixels is effective. Among all the sites, the accuracy
at GB improved most significantly, with an improvement of 23%, fol-
lowed by improvements of 22% at SSW, 17% at DM and 13% at SD. We
can conclude that the downscaled results yield greater improvements in
accuracy for more complex land surfaces.

A maximum of approximately 50% improvement is observed in a
single month, which means that no rectification could be performed if

there was a wrong estimate in the coarse dataset. The newly proposed
downscaling model can only improve the spatial resolution and output
accuracy of a sufficiently accurate coarse dataset. This conclusion is
also supported by the research of Tan (Tan et al., 2017).

The results at the 4 sites all follow the evapotranspiration trends,
which include the entire process of vegetation growth and abrupt
fluctuations due to variations in weather conditions. Detailed spatial
patterns and accurate validation results over diverse land cover types
demonstrate that downscaling based on surface resistance is a suitable
strategy for obtaining a daily 30-m resolution ET dataset.

4.3. Comparison between different data source

Retrieving of surface resistance calculation is sensitive to the input
30-m NDVI and land cover maps. Unfortunately, Landsat8 images, used
to retrieve the NDVI, are not available in August and September due to
cloud contamination. However, HJ images, with the same spatial re-
solution and similar bands, are an ideal substitute and could fulfil the
aim of at least one NDVI image per month. A comparison of the
downscaled results based on the two sensors at all four sites is presented
in Fig. 8 to validate the feasibility of using HJ images as an input. Linear
fitting is performed without setting an intercept to reveal the

Table 5
Statistics of ETWatch and Downscaled ET. RMSE is root-mean-squared error of
the modelled results, MB is mean bias, d is index of agreement.

Site R2 of ETWatch R2 of downscaled dataset RMSE MB d

Daman 0.86 0.91 0.48 0.39 0.98
Shidi 0.80 0.80 0.69 0.72 0.94
Gebi 0.82 0.86 0.32 0.18 0.97
Shenshawo 0.77 0.80 0.23 0.17 0.93

Fig. 7. Accuracy improvement displayed by a comparison upon monthly average absolute residuals at the four sites. Red block means average residuals of ETWatch
dataset, green block represents average residuals of the downscaled dataset. The numbers near the block represent the improvement of downscaling results (%).(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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differences between the two inputs. Similar R2 values were obtained
(0.97 and 0.96), and the RMSE varies slightly, from 0.45 to 0.61. Sa-
tisfied R2 results partly comes from the mixing comparison of data from
total 4 sites. Besides, downscaled results using NDVI from the two sa-
tellites show close fitting equation with 0.95 and 0.97 of slope. Above
results indicate that using HJ images as an input data source does not
markedly change the output accuracy. However, due to the difference
between the coordinate systems of the two satellites, heavy use of HJ
images may cause mismatches between surface pixels.

4.4. Comparison between different downscaling strategies

Since LST is another important driven factor of ET simulation and
downscaling. In this section, we use Landsat8 LST images as input.
Totally 5 scenes of LST map are employed without cloud contamina-
tion. Acquisition date could also be referred to Table 2. Fusion strategy
is similar with research of Semmens (Semmens et al., 2016). Dis-
aggregation results are displayed in Fig. 9. There is an obviously ac-
curacy advantage of downscaling results based on Rsur compared with
LST based method, which performs by a better R2 (0.94 versus 0.87)
and less deviation (RMSE 0.50mm/day versus 0.74mm/day). Better
performance could be explained as follows. LST is influenced by me-
teorological indicators, which is more vulnerable than NDVI-driven
surface resistance at the one-month time interval, and performs more
sensitively in ET model. The sub-kilometre spatial pattern reflecting
water supply and consumption displayed by LST is not as stable as
surface resistance. Besides, due to the absence no sharpen step

employed in this research, 100-m of spatial resolution is not fine en-
ough to perform some spatial information of patch field.

5. Discussion and conclusion

In this research, a new downscaling strategy based on 30-m surface
resistance data is proposed and validated in the middle reach of the
Heihe basin. The proposed model eliminates the requirement of an LST
map. The surface resistance model for downscaling has been optimized
by peer researchers and validated using in situ observations. Good
performance has been observed, with an overall R2 value of 0.96 and an
RMSE of 0.40. The considerable accuracy of the 30-m resistance model
is a prerequisite of the disaggregation approach, and downscaling
analysis is then conducted based on the resistance model and the
ETWatch dataset. Improvement in the output accuracy with respect to
the original 1-km dataset was observed, especially at GB and SSW site.
The R2 value ranges from 0.80 to 0.91, and the RMSE ranges from 0.23
to 0.69. An improvement of 19% compared with the original 1-km
dataset was observed, indicating that downscaling actual ET based on
surface resistance is a reliable strategy for obtaining a daily 30-m ET
map.

Similar to the DisAlexi and other downscaling strategy, low-re-
solution RS indictors can be disaggregated into higher-resolution da-
tasets using 30-m images in current research (Norman et al., 2003).
Both decomposition strategies require a normalization or matching step
for RS parameters from different sensors to maintain consistency be-
tween the downscaled results and the original data. However, in this

Fig. 8. Comparison between daily in situ observed ET and downscaled ET using different input images: (a) Landsat8 (covering April–July and October) and (b) the
HuanJing Satellite (August and September).

Fig. 9. Comparison between daily observed ET and downscaled ET using two disaggregation strategy: (a) disaggregation based on Rsur in this research and (b) LST
based spatial patterns.
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study, surface resistance rather than land surface temperature has been
employed because the former parameter is more easily obtained from
RS images. Additionally, DisAlexi simulates 30-m net radiation using
albedo from snapshots. In this research, considering the aim of ob-
taining daily ET maps throughout the whole growing season, we use the
gap-filled 30-m albedo based on the Savitzky-Golay (S-G) filter
(Savitzky and Golay, 1964). Since downward shortwave radiation is
mainly influenced by meteorological parameters and sunshine dura-
tion, which does not change much over short distances, a resolution of
1-km is sufficient in the Rsur model.

In Section 4.1, the surface resistance model performs better at GB
than SSW. The two sites both feature limited SM and sparse canopies.
Considering the similar surface water supplying, the accuracy differ-
ences may come from the simulation of aerodynamic resistance. Due to
the undulating dunes in the desert, the topography near the SSW site is
more complex than that at the GB site. The Ra method in this research
does not take elevation variation within a pixel into consideration.
Further research will be performed to introduce a parameterized Ra
approach at 30-m resolution (Chen et al., 2015).

Downscaling strategy in current research needs daily 1-km and 30-
m surface resistance data as input parameters. There is difference be-
tween performance simulating ET using Jarvis Rsur and in-situ ob-
served parameters and disaggregation results (displayed in Figs. 3 and 5
respectively). This difference mainly comes from uncertainty of input
data. Downscaling strategy describes the process of evapotranspiration
by Jarvis model, which could simulate ET with a considerable accuracy
using ideal data input recorded by flux sites. Data quality of RS based
products (mainly meteorological indictors) is not as good as which by in
situ observation. The uncertainty is also from the accuracy of coarse ET
product. According to research of Tan, there might be serious mistake
using unsatisfied 1-km ET information (Tan et al., 2017).

The calculation of daily ET using 30-m surface resistance, without
downscaling, is also feasible with the same input, which is well dis-
played by good performance in Fig. 3. There are two main reasons for
downscaling a combined coarse ET dataset rather than calculating the
30-m ET directly. Firstly, the lack of appropriate RS-derived soil water
content data is considered for better performance. Calibrated Advanced
Microwave Scanning Radiometer (AMSR) data is used to describe the
soil water content. However, a 25-km resolution is not sufficient to
provide the spatial patterns in SM. There might be a “scaling effect”
caused by heterogeneity inside SM grids (Kustas and Norman, 2000).
Due to leakage and similarity of soil textures at small scales, the SM
inside one MODIS pixel can be considered invariable. Downscaling with
the help of the Rsur model seems more feasible than retrieving ET di-
rectly over a wide scale. This strategy still needs to be improved for
pixels with sparse water surfaces and vegetation because the SM does
not remain constant in these areas. Consequently, a fluctuation in
downscaled ET is observed at the SD site at the end of the growing
season, after withering of the reeds. Future work on model improve-
ment will focus on disaggregating SM using an empirical method
(Holzman et al., 2014). Besides, due to the long-time interval, retrieving
30-m ET by the Rsur -based model directly may eliminate some high-
frequency signals caused by intense irrigation or harvesting. Such
abrupt events could be displayed instantaneously by short re-visiting
interval images, such as those of MODIS. Uniting images with different
spatial resolutions through surface resistance leads to a better perfor-
mance that combines the spatial temporal advantages of various data-
sets.

In this research, 30-m resolution land cover data are used with
parameters determined by other studies. The oasis of Heihe basin is
mainly cultivated with maize, so different crop types are considered as
a single entity. Future research will be performed to validate the pro-
posed method in areas with diverse crop types. The parameterization of
different crop types and different growing stages will be a challenge
before this model is universally applicable.

Monitoring ET using combined RS data is the only way to improve

spatiotemporal resolution. The ET downscaling approach proposed in
this research has been demonstrated to be sufficient and feasible. The
good performance of the surface resistance model has been validated
using in situ observations. Daily downscaled results using all data from
a remote sensor has also been shown to be feasible. Additionally, the
limitations of Landsat8 data due to cloud contamination have been
overcome by using HJ images, thereby enhancing the stability of the
downscaling strategy. Above all, the new proposed method is suitable
for heterogeneous areas and can provide high-resolution evapo-
transpiration time series datasets.
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