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ABSTRACT
The accurate estimation of evapotranspiration (ET) is essential for understanding the land surface–
atmosphere interaction; however, current ET products have large uncertainties, and irrigation effects on ET
are not well represented. In this study, the monthly ET was reconstructed (ETrecon) from GLDAS land
surface models (LSMs) over the Yellow River basin of China, which was achieved by using observation-based
precipitation, naturalized streamflow, and downscaled consumed irrigation water from the census annual data
via an irrigation scheme. The results showed that the monthly ETrecon series were generally improved relative
to the original LSM-based ET, with improvements in the correlation coefficient, Nash–Sutcliffe efficiency, mean absolute error, and root-mean-square error by 0.6%–1.8%, 1.2%–14.6%, 1.3%–21.0%, and
2.1%–20.4%, respectively. The ETrecon results were also superior to the collected ET synthesis products in
terms of statistics, with generally higher peak values occurring in ETrecon. Regarding the annual time scale, the
ETrecon values were close to the water balance ET values, which have been widely used as benchmark data.
The interannual variability in ETrecon was good overall and was associated with the LSM precipitation variability and partitioning of precipitation into ET and runoff. The reconstruction method can provide an alternative ET estimate for other river basins. This study will also be valuable for studies and applications in
climate change evaluation, drought assessment, and water resources management.

1. Introduction
Evapotranspiration (ET) is a major component of the
global water cycle, which links the water and energy
cycles at all scales. Accurate ET estimates are critical
Supplemental information related to this paper is available at
the Journals Online website: https://doi.org/10.1175/JHM-D-190090.s1.
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for a better understanding of the interaction between
climate and hydrology. However, ET remains particularly difficult to measure and simulate, especially at
large spatial scales (Rodell et al. 2011; Mao and Wang
2017) due to land surface heterogeneity and multiple
controlling factors (Liu et al. 2013). Although direct ET
measurements are available via eddy covariance systems
and Bowen ratio energy balance systems, these measurements usually have limited durations and spatial
coverage (Mao and Wang 2017). Sparse measurements
cannot represent the spatial heterogeneity of ET at large
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scales (Gao et al. 2010), and there is currently no
methodology to directly observe the intra-annual ET
over a large region (Castle et al. 2016). Importantly, the
currently available ET products have large uncertainties
(Wang and Dickinson 2012; Mueller et al. 2013; Lei et al.
2015; Liu et al. 2016b; Dong and Dai 2017; Mao and
Wang 2017). ET has been reported as one of the most
uncertain variables that may induce failures in the water
balance estimates of terrestrial water storage (TWS)
change (Syed et al. 2009; Long et al. 2015). For the water
budget, in terms of precipitation, ET, runoff, and TWS
change (TWSC), Zhang et al. (2018) reported that the
attribution of water budget nonclosure errors to ET was
the largest among the water budget terms, both across
the globe (45.4%) and in the Yellow River basin (51%).
Therefore, the uncertainty in ET needs to be further
reduced.
Notably, irrigation effects have not been well represented in the currently available ET estimates (Gao
et al. 2007; Gowda et al. 2007; Liu et al. 2013; Lei et al.
2015; Castle et al. 2016; Lv et al. 2017). For instance,
numerical model estimates of ET have tended to underestimate ET in managed river basins because they
respond to natural forcing alone and typically do not
take human water use impacts into account (Rodell et al.
2011; Castle et al. 2016; Pan et al. 2017). Furthermore,
satellite remote sensing products generally tend to underestimate ET (Gao et al. 2010; Jia et al. 2012; Lei et al.
2015; Wan et al. 2015). Lei et al. (2015) found that remotely sensed ET cannot correctly capture the trend
in simulated ET with the observed irrigation over the
Haihe River basin of China, in which the Moderate
Resolution Imaging Spectroradiometer (MODIS) ET
(Mu et al. 2011), ET from the University of Montana
(Zhang et al. 2010), and model tree ensembles–based
ET (Jung et al. 2011) were employed. Mueller et al.
(2013) and Zhang et al. (2018) proposed synthesized
monthly ET products from multiple sources [e.g., in situ
observation, land surface model (LSM), reanalysis, and
satellite remote sensing], but the irrigation effects on
ET were not explicitly mentioned in either study. Nevertheless, irrigation accounts for ;70% of the global
freshwater withdrawals and ;90% of consumptive water uses (Siebert et al. 2010) and can lead to a decrease in
the streamflow and an increase in ET (Haddeland et al.
2006). Castle et al. (2016) reported that 38% of the total
satellite-based observed ET signal, which was regarded
as a value that accounted for human impacts in their
study and was calculated from MODIS ET (Tang et al.
2009) and ET derived from the Gravity Recovery
and Climate Experiment (GRACE), was due to irrigation in July over the Colorado River basin. An average
proportion of 12% in the annual water balance ET was
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evoked by water consumption in a number of dry basins
worldwide (Ukkola and Prentice 2013).
Among multiple ET products, LSM ET has been reported to have a relatively low uncertainty (Mueller
et al. 2013; Long et al. 2014; Wang et al. 2015). For instance, Long et al. (2014) found that the uncertainty in
the North American Land Data Assimilation System
(NLDAS) ET estimates, which were basically estimated by LSMs, was the lowest compared with the uncertainties in the ET results derived from remote sensing
and GRACE satellites. Mao and Wang (2017) demonstrated that the offline land reanalysis ET values were
closest to the water balance ET for China compared
with estimates derived from the Penman–Monteith
model and atmospheric reanalyses. However, most
LSMs do not account for human interventions (e.g.,
irrigation) (Rodell et al. 2011; Leng et al. 2015; Long
et al. 2015; Scanlon et al. 2018). Admittedly, there are
some studies that have incorporated irrigation and
groundwater pumping into LSMs (e.g., Haddeland
et al. 2006; Leng et al. 2014; Lawston et al. 2015;
Pokhrel et al. 2015), but the actual irrigation practices
are difficult to accurately represent and assessments of
the realism of irrigation schemes are difficult due to
limited observations (Lei et al. 2015; Lawston et al.
2017). Nie et al. (2018), for instance, failed to replicate
the reported magnitudes of groundwater irrigation in
the U.S. High Plains aquifer (;49% relative error),
and they emphasized the need to better simulate the
inefficiency of current, widely employed irrigation
practices. Lawston et al. (2017) reported that the individual actions of farmers were not captured by the
assessed irrigation algorithm, and the amounts of irrigation water applied at the two studied irrigated fields
were generally overestimated. Generally, most LSM
ET products need to be corrected for river basins with
intensive irrigation. Furthermore, to reduce the uncertainty in ET estimates, the use of more ‘‘ground
truth’’ datasets to constrain LSM ET is necessary
(Mueller et al. 2011; Liu et al. 2016b). Among the water
budget terms, in situ measurements with small uncertainties exist for precipitation and runoff. Therefore,
it is worth studying how to constrain LSM-simulated ET
using high-quality precipitation, runoff, and irrigation
water use data.
This study is an extension of our earlier work, reported by Lv et al. (2017), in which the annual ET was
reconstructed using widely used Global Land Data
Assimilation System (GLDAS) 1.0 LSMs, observationbased precipitation, naturalized streamflow without
human intervention, and irrigation water. This study
focuses on a finer time scale of the ET reconstruction
(i.e., monthly), from six LSM runs in GLDAS 1.0, 2.0,
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FIG. 1. Location and land cover in 2010 from the Moderate Resolution Imaging Spectroradiometer (MODIS) for the Yellow River basin of China.

and 2.1. The primary objectives of this study are to 1)
correct the monthly LSM-based ET using observationbased precipitation, naturalized streamflow, and census annual consumed irrigation water; 2) propose an
offline irrigation scheme to downscale the census annual irrigation amount to individual months; and 3)
verify the reconstructed monthly ET using the available multidataset synthesis products and GRACEderived water balance ET.

2. Study area and data
a. Study area
In this study, the Yellow River basin in northern
China (hereafter, YRB; Fig. 1) was chosen as the
study region due to the availability of data; however,
the method could theoretically be applied to other
basins. The YRB has attracted substantial attention
due to its crucial water supply function for Northwest
and North China. The mean annual precipitation was
;457 mm yr21 from 1961 to 2013, and ET consumes
;80% of the basin total water input (Liu and Yang
2010; Pei et al. 2017). The YRB is a heavily managed
river basin with a considerable number of dams, reservoir pump sites, and groundwater wells. The basin is
influenced by intensive agricultural irrigation (Lei
et al. 2013; Lv et al. 2017), and the consumed irrigation
water was reported to account for ;70% of the total
water consumption in the basin according to the Bulletin of Water Resources (Yellow River Conservancy

Commission 2018). Therefore, this basin is an ideal testbed for ET reconstruction from LSMs using high-quality
precipitation, streamflow, and irrigation data. The study
period was specified to 1998–2010 due to the data availability of the naturalized streamflow and irrigation water.
The actual irrigation information for the Zuncun irrigation district and the entire basin was collected.

b. Precipitation, streamflow, and irrigation water
Two sets of precipitation data were collected in this
study (Table 1). One was the precipitation dataset
measured in situ, which was provided by the China
Meteorological Administration (CMA, available at
http://data.cma.cn/en). It is a 0.58 monthly gridded
dataset from 1961 to present, which was derived from
;2470 gauge stations throughout China (hereafter,
CMA-0.58). The second dataset was the Multi-Source
Weighted-Ensemble Precipitation (MSWEP; Beck
et al. 2017; available at http://www.gloh2o.org). It is a
global gridded precipitation dataset with a 0.258 spatial and 3-hourly temporal resolution, obtained by
merging gauge, satellite, and reanalysis data. The
MSWEP data had been validated using four stateof-the-art gauge-adjusted precipitation datasets by
Beck et al. (2017), and it performed fairly well in the
YRB modeling (Liu et al. 2016a). To reduce the uncertainty, the average of these two precipitation datasets
was used (hereafter, observation-based precipitation).
The comparison of these two precipitation datasets is
shown in Fig. S1 in the online supplemental material,
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1. CMA
2. MSWEP
1. Gauged runoff
2. Naturalized runoff
1. Spherical harmonic solutions
2. JPL mascon solution
1. GLDAS 1.0 (Noah 2.7, CLM 2.0,VIC
4.0.4, and Mosaic)
2. GLDAS 2.0 (Noah 3.3)
3. GLDAS 2.1 (Noah 3.3)
4. Jung
5. CDR
6. LandFlux-EVAL
7. Water balance ET
(ET 5 P 2 R 2 TWSC)

Source

3. Statistical estimate of mean monthly
irrigated water proportions

Irrigation 1. Census consumed irrigation water
amount
2. Measured seasonal irrigation amount

ET

TWSA

R

P

Variable

Yellow River basin
Zuncun irrigation
district
Yellow River basin

Irrigation district
integrated
Basin integrated

Global
Global
Global
Global
Global
Yellow River basin

0.258
0.258
0.58
0.58
18
Basin integrated

Basin integrated

China
Global
Yellow River basin
Yellow River basin
Global
Global
Global

Spatial extent

0.58
0.258
Basin integrated
Basin integrated
18
0.58
18

Spatial resolution

Spring, summer,
and winter
Mean monthly

Annual

Monthly
Monthly
Monthly
Monthly
Monthly
Monthly

Monthly
3-hourly
Monthly
Monthly
Monthly
Monthly
Monthly

Temporal resolution

Time span

1950–80

1998–2006

1998–present

1948–2010
2000–present
1982–2011
1984–2010
1989–2005
2003–10

1961–present
1979–2015
1998–2010
1998–2010
Apr 2002–Jan 2017
Apr 2002–Aug 2016
1979–present

TABLE 1. Summary of the employed datasets in this study.

Ruan and Fang (1996)

Zuncun irrigation district administration

Rui et al. (2018)
Rui et al. (2018)
Jung et al. (2010)
Zhang et al. (2018)
Mueller et al. (2013)
Based on the average P between CMA0.58 and MSWEP, gauged runoff, and
GRACE-derived TWSC
Yellow River Conservancy Commission

http://data.cma.cn/en
Beck et al. (2017)
Yellow River Conservancy Commission
Yellow River Conservancy Commission
Landerer and Swenson (2012)
Watkins et al. (2015)
Rodell et al. (2004b) Rui (2015)

Reference
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which shows that the root-mean-square difference
(RMSD) was 4.83 mm month21 in the basin-averaged
precipitation between the MSWEP and CMA-0.58 datasets for 1998–2015 over the YRB.
The monthly naturalized and observed streamflow
(hereafter, Rnature and Rob, respectively) for 1998–2010
and the census annual consumed irrigation water for
1998 to present were collected for the YRB. Both the
Rnature (regarded as the flow without any human interventions) and Rob data were provided by the Yellow
River Conservancy Commission, which is responsible for
the quality control and release of the water data of the
basin. The difference between the naturalized streamflow
and observed streamflow is due to human interventions,
such as reservoir regulation, water withdrawal from the
river channel, and water transported into and out of the
basin (Fu et al. 2007). The river commission has developed
comparatively mature technology for establishing the
naturalized streamflow value from the observed flow,
which was realized by adding back the water regulated by
reservoirs and consumed by irrigation, industry, and domestic uses (Li et al. 2001; Fu et al. 2004). The naturalized
streamflow is by far the most reliable natural value and has
been widely applied in hydrological analysis and water
resource management (Fu et al. 2007; Tang et al. 2013;
Yuan et al. 2016). The annual irrigation water amount of
the entire basin was collected from the Bulletin of Water
Resources (Yellow River Conservancy Commission 2018).
As stated in the Bulletin of Water Resources, the consumed irrigation water is the volume finally consumed as
evapotranspiration regardless of the sources of irrigated
water (i.e., surface water or groundwater). More information on consumed irrigation water can be found in the
study reported by Lv et al. (2017). Furthermore, the
measured seasonal irrigation water amounts of the Zuncun
district in the spring, summer, and winter were collected
from the Zuncun irrigation district administration, which
were available from 1998 to 2006. The reported statistical
estimates of the mean monthly irrigated water proportions
from 1950 to 1980 over the entire YRB were collected
from the study of Ruan and Fang (1996).

c. GRACE TWS anomaly
The monthly GRACE-derived TWS anomaly (TWSA)
values, which represent terrestrial water storage
changes related to climate variability and human impacts, were collected to estimate the water balance ET
(available at http://grace.jpl.nasa.gov/). Three TWSA
spherical harmonic solutions are available from the
Center for Space Research (CSR), the German Research
Center for Geoscience (GFZ), and the Jet Propulsion
Laboratory (JPL). These three TWSA datasets are provided at 18 grids along with the associated leakage and

measurement errors (Landerer and Swenson 2012). In
addition, the more recent GRACE mass concentration
(mascon) solution (Watkins et al. 2015) from the JPL
(hereafter, JPL mascon) was also collected, which is
provided on 0.58 global grids. For example, Rodell et al.
(2018) used the JPL mascon solution for the trend
analysis and mapping of TWSA worldwide. GRACE
can resolve the monthly TWSA with sufficient accuracy over regions from ;200 000 km2 at low latitudes to
90 000 km2 near the poles (Rodell et al. 2018). In our
study, the area of the YRB is 795 044 km2, hence
GRACE TWSA was expected to have a sufficient accuracy over this basin. Finally, the average of the four
TWSA datasets was used in this study to minimize the
uncertainties associated with data processing.

d. Data from the GLDAS land surface models
The ET results of six LSM runs from the widely used
GLDAS 1.0, 2.0, and 2.1 (Rodell et al. 2004b) were used
as the initial values for ET reconstruction (Table 1).
GLDAS is a global offline terrestrial modeling system
that was designed to generate the optimal fields of land
surface states and fluxes via the assimilation of groundbased and satellite products. The forcing data were different among the three GLDAS versions. The forcing
data sources in GLDAS 1.0 were switched several times
among the 1979–93, 1994–99, 2000, and 2001–present
periods (Rui 2015). GLDAS 2.0 was forced entirely
with the Princeton meteorological forcing data, and
GLDAS 2.1 was forced with a combination of model
and observation-based forcing datasets (Rui et al.
2018). There are four LSMs in GLDAS 1.0 with a
18 spatial resolution, that is, the Community Land
Model (CLM 2.0), Variable Infiltration Capacity (VIC
4.0.4), Noah 2.7, and Mosaic. The Noah 3.3 model was
included in GLDAS 2.0 and 2.1 at a 0.258 resolution.
Surface and subsurface runoff were simulated by these
LSMs without the consideration of groundwater and
water resources management (e.g., irrigation and reservoir regulation). The Noah 0.258 soil moisture values
from GLDAS 2.0 and 2.1 were used to estimate the
irrigation water requirements (see below). The performances of the GLDAS 2.0 and 2.1 soil moisture
results in the YRB have been validated by Lv et al.
(2018) and Lv et al. (2019).

3. Methods
a. Downscaling of the census annual irrigation water
to individual months
Since only the annual consumed irrigation water is
available in the Bulletin of Water Resources, the census
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annual values had to be downscaled to individual
months to reconstruct the monthly ET. To achieve the
downscaling, two offline soil-moisture-dependent irrigation schemes were proposed in this study. The first
irrigation scheme shown in Eq. (1) was proposed according to irrigation and drainage engineering (Guo
2007). Given that there are very few paddy lands in the
study basin, only nonpaddy lands were considered in this
irrigation scheme. The ‘‘Global Map of Irrigation
Areas’’ (Siebert et al. 2013), which was downloaded
from the Food and Agriculture Organization (FAO) of
the United Nations at http://www.fao.org/nr/water/
aquastat/irrigationmap/index10.stm, was applied in this
scheme. This dataset shows irrigation area information
around the year 2005 at a 5-min spatial resolution. According to the statistical results in Ruan and Fang
(1996), the irrigation months were from March to
November in the area above the Longmen station and
from January to December below the Longmen station in
the YRB. The irrigated time was designed accordingly
when using the scheme to estimate the irrigation water at a
monthly time scale without accounting for different crop
types. As shown in Eq. (2), another irrigation scheme
was proposed that was based on crop-specific monthly
growing areas (Portmann et al. 2010; available at http://
www.uni-frankfurt.de/45218031/Data_download_center_
for_MIRCA2000). The following four major crops were
taken into account in the second scheme: wheat, maize,
soybeans, and rice. According to Guo (2007), only the
water in one certain soil layer, which is usually called
the target irrigated soil layer, can be used by crops. The
target irrigated soil layer, which is usually determined
based on practical experiments, was determined to be
0–100 cm in the irrigation schemes of our study. First,
the depth of 0–100 cm was generally considered as the
root zone (Cai et al. 2014; Baldwin et al. 2017), which
has been applied in existing irrigation models (e.g.,
Hanasaki et al. 2010; Marcella and Eltahir 2014; Zhang
et al. 2017). Second, the Noah soil moisture values from
GLDAS 2.0/2.1, with soil depths of 0–10, 10–40, 40–
100, and 100–200 cm, were employed to estimate the
irrigation requirements. The irrigation water amounts
were estimated grid-by-grid based on the GLDAS soil
moisture, although our study focused on the values
integrated over the YRB:
Wirrig,n (t) 5 [v 3 uFC 2 un (t)] 3 A 3 a,

(1)

Wirrig,n (t) 5 [v 3 uFC 2 un (t)] 3 b(t) ,

(2)

where Wirrig,n(t) is the simulated irrigation requirement
for month t of year n, uFC is the field capacity (Scholes
and Colstoun 2011), un(t) is the soil moisture content, A
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is the area equipped for irrigation, a is the percentage of
the actually irrigated area in the area equipped for irrigation, and b(t) is the crop-specific monthly growing
area. Both A and a were included in the aforementioned
Global Map of Irrigation Areas dataset. The v 3 uFC is
the target soil moisture content in the irrigated soil layer.
The field capacity values are usually used to determine
the irrigation threshold (Hanasaki et al. 2008; Pokhrel
et al. 2015; Zhang et al. 2017). For instance, Hanasaki
et al. (2010) maintained the soil moisture content of the
upper 100 cm at field capacities of 100% and 75% for
rice and other crops in the irrigated cropland, respectively. Döll et al. (2014) reported that groundwater
depletion and TWS trends were best modeled under the
assumption that farmers irrigated at 70% of optimal
water demand at the global scale. In our study, v was set
at 100% for rice (Hanasaki et al. 2010; Pokhrel et al.
2015) and 80% for other crops (which was optimized
among 70%, 75%, and 80%).
The proposed irrigation schemes were evaluated with
respect to the census annual irrigation amounts and reported mean monthly irrigation proportions of the entire YRB, as well as the seasonal irrigation proportions
in the Zuncun irrigation district. Based on the simulated
monthly irrigation proportion, the census annual total
consumed irrigation water could be downscaled into
individual months using Eqs. (3) and (4):
Qirrig,n (t) 5 Wn 3 rn (t) ,
rn (t) 5

Wirrig,n (t)
12

(3)
,

(4)

å Wirrig,n (t)

t51

where Qirrig,n(t) is the downscaled irrigation water for
month t of year n, Wn is the census annual irrigation
amount, and rn(t) is the simulated monthly irrigation
proportion. Specifically, rn(t) is the ratio of the simulated
monthly irrigation water to the annual total value.

b. Reconstruction of actual evapotranspiration
In our previous study, Lv et al. (2017), the reconstructed annual ET was obtained from four GLDAS
1.0 LSMs from the perspective of the water balance.
The present study is an extension of this previous
work, which focused on the monthly scale. It has
been found that both trends and variabilities in ET show
strong control by precipitation (Ukkola and Prentice
2013), and both the GLDAS precipitation and runoff
estimates had biases over the YRB (Lv et al. 2017).
Therefore, the GLDAS LSM ET should be corrected
for the following aspects (similar to the annual ET reconstruction): the biases in precipitation and runoff, and
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the impact of irrigation on ET. The collected high-quality
observation-based precipitation, naturalized streamflow, and downscaled consumed irrigation water were
employed in the reconstruction procedure introduced
below.
First, for the precipitation bias in GLDAS LSMs, the
simulated runoff and evapotranspiration were corrected
as follows:
R2 (t) 5 R1 (t) 1 a(t) 3 [P2 (t) 2 P1 (t)],

(5)

ET2 (t) 5 ET1 (t) 1 b(t) 3 [P2 (t) 2 P1 (t)] ,

(6)

where t represents each month, R1 and ET1 are the
original LSM runoff and evapotranspiration, R2 and
ET2 are the corrected runoff and evapotranspiration,
P1 is the original LSM precipitation, and P2 is the
observation-based precipitation. Parameter a(t) 5
R1(t)/P1(t) is the runoff coefficient representing the
underlying surface characteristics for runoff generation, and b(t) 5 ET1(t)/P1(t) is the evapotranspiration
ratio. The concept of the runoff coefficient dates back
to the early twentieth century, and has since been
widely used in hydrological research and applications
(Sherman 1932; Sriwongsitanon and Taesombat 2011).
The obtained R2 and ET2 are considered the LSM results after the bias-correction of the precipitation. Then
ET2 was further corrected for the runoff bias. Generally, an overestimation in the runoff simulation corresponds to an underestimation in ET, and vice versa
(Lv et al. 2017). Pei et al. (2017), for instance, found
a significant negative correlation between the ET
and runoff.
Second, for the runoff bias in GLDAS LSMs, ET2 was
further corrected as shown below:
ETnature (t) 5 ET2 (t) 1 [R2 (t) 2 Rnature (t)] 3


1 2 b(t) 2 a(t)
,
g(t) 5 

b(t)

2169

LV ET AL.

1
,
g(t) 1 1
(7)
(8)

where ETnature(t) represents the bias-corrected natural
evapotranspiration, and g(t) is used to partition the
runoff bias to ET. At the monthly scale, the systematic
bias in the runoff cannot be directly added to ET2 as at
the annual scale in Lv et al. (2017). In terms of the water
balance equation of P 5 ET 1 R 1 TWSC, the bias in
the simulated runoff was partitioned to ET and TWSC
according to their relative magnitudes [i.e., g(t) 5
jTWSC(t)/ET(t)j; see supplemental material for details].
Finally, the LSM-based ETnature must be corrected
by adding the consumed irrigation water to take the

irrigation effect into account, as shown in Eq. (9). ETrecon is
considered as the final reconstructed evapotranspiration:
ETrecon (t) 5 ETnature (t) 1 Qirrig (t) ,

(9)

where Qirrig is the downscaled monthly consumed irrigation water. The reconstructed LSM-based ETrecon
results were obtained in this study from the Noah, CLM,
VIC, and Mosaic LSMs in GLDAS 1.0, 2.0, and 2.1.

c. Verification of the reconstructed ET
Currently, it remains difficult to obtain in situ measured ET for large regions. The ETrecon results can be
evaluated using the water balance ET (calculated from
observed precipitation, runoff, and terrestrial water
storage change) and the available multidataset ET synthesis products. In this study, the following four datasets
were used: 1) the water balance ET computed as ET 5
P 2 R 2 TWSC using observation-based precipitation,
the gauged runoff, and GRACE-derived TWSC; 2) the
ET from Jung et al. (2009) and Jung et al. (2010)
(hereafter, Jung ET); 3) the LandFlux-EVAL multidataset synthesis product (Jiménez et al. 2011; Mueller
et al. 2011; Mueller et al. 2013); and 4) the global terrestrial water cycle Climate Data Record (CDR) from
Princeton University (Zhang et al. 2018) (Table 1). In
this study, the ET verification was conducted against the
water balance ET estimate that has been widely used as
benchmark data to verify other ET datasets (Mao and
Wang 2017; Zhang et al. 2018). The water balance ET
integrated over a river basin is generally regarded as
‘‘the most firmly observationally based estimator of ET’’
(Ukkola and Prentice 2013).
The water balance ET was estimated by using
the gauged runoff and GRACE-derived TWSC that
were both already influenced by water management.
The uncertainties in the water balance ET were estimated, which will be discussed in section 6. Note that
the observation-based precipitation was used in both
the ET reconstruction and water balance ET estimation because this precipitation is almost the most reliable data nowadays, which is not an issue in the study.
First, we always prefer to use the most accurate data
in analyses, whether it is precipitation bias correcting
or water balance ET estimating. Furthermore, the
ET reconstruction relied not only on the precipitation
amount but also on the LSM partitioning of precipitation into ET and runoff. Second, the water balance ET based on another precipitation dataset, which
included 57 CMA daily meteorological stations across
the YRB (Lv et al. 2018), was also estimated to examine the possible influence of using the observationbased precipitation (i.e., aforementioned P2). The results
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showed that these two precipitation series led to a
very small difference in the estimated water balance
ET values, with the RMSD being 4.25 mm month21
(Fig. S2). The Jung ET, a 0.58 monthly global dataset for 1982–2011, was compiled using the global
network of eddy covariance towers (FLUXNET,
www.fluxdata.org) data, remote sensing, and meteorological observations in a machine-learning algorithm.
The LandFlux-EVAL project (http://www.iac.ethz.ch/
url/research/LandFlux-EVAL) is aimed at evaluating
and intercomparing the currently available land ET
datasets and providing global merged benchmark
synthesis products. The CDR ET (0.58 monthly for
1984–2010) was developed by merging multiple data
sources for precipitation, runoff, ET, and TWSC
with enforced water budget closure (available at
http://stream.princeton.edu:8080/opendap/MEaSUREs/
WC_MULTISOURCES_WB_050/). In our study, four
statistics, that is, the Pearson correlation coefficient (r),
Nash–Sutcliffe efficiency (NSE), mean absolute error
(MAE), and root-mean-square error (RMSE), were
calculated relative to the water balance ET:
T

å [ET(t) 2 ETWB (t)]

NSE 5 1:0 2 t51
T

2

å [ETWB (t) 2 ETWB ]

,

(10)

2

t51

where ET(t) is the evapotranspiration, including the
reconstructed/original ET from GLDAS and the collected ET products, ETWB(t) is the water balance ET,
and t is the time.

4. Verification of the irrigation schemes
The proposed irrigation schemes were evaluated with
respect to the census annual irrigation water amount and
the reported seasonal and mean monthly irrigated water
proportions. The results showed that the performances
of the irrigation water simulation were similar between
these two schemes, but the correlation coefficients under
the first scheme based on Eq. (1) were slightly higher
(Fig. 2 and Fig. S3). The performance of the first irrigation scheme is therefore discussed below in detail.
Regarding the first scheme shown in Eq. (1), the
simulated annual total irrigation water, based on the
GLDAS 2.0 soil moisture, over the entire YRB generally compared well with the reported estimates from the
Bulletin of Water Resources for 1998–2010 (Fig. 2a).
There is no systematic bias in the irrigation amount
simulation with a mean annual absolute relative error of
11.0%, and the correlation coefficient was 0.748, which

FIG. 2. Verification of the proposed irrigation scheme shown in
Eq. (1) based on the GLDAS 2.0 soil moisture. (a) Annual irrigation water amount over the entire basin from 1998 to 2010
(108 m3 yr21 ), (b) mean monthly irrigated water proportions
from 1990 to 2010 and from 1950 to 1980 (%), and (c) seasonal
irrigated water proportions for each year (i.e., spring, summer,
and winter) in the Zuncun district from 1998 to 2006 due to data
availability (%).

was significant at the 99% level of the Student’s t test. In
the study by Haddeland et al. (2006), the absolute relative errors of the simulated annual irrigation water
requirements were 3.1%–187.5% for the six regions in
the Colorado and Mekong River basins, and the error
was 11.1% for the Colorado River basin with a dry
climate. The annual irrigation amounts were generally
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overestimated in the Hebei Province of the Hai River
basin by Lei et al. (2015). In our study, the estimated
annual irrigation water based on the soil moisture
deficit was also affected by the monthly distribution of
the annual precipitation, which may partly explain why
the precipitation for 2000 was less than that for 2002
while the census irrigation amount for 2000 was not
higher than that for 2002. Irrigation in practice is
complicated and flexible, so it is difficult to come up
with a universal parameterization scheme (Lei et al.
2015; Castle et al. 2016). The realistic irrigation process
is difficult to capture accurately using a simple scheme
based only on the soil moisture deficit. Another important influence factor for the irrigation simulation is
the irrigation management decision, which is flexible
and difficult to account for in parameterizations
(Wada et al. 2014; Lawston et al. 2017). Lei et al.
(2015) found that the irrigation scheme incorporated in CLM 4 (http://www.cesm.ucar.edu/models/
cesm1.0/clm/CLMcropANDirrigTechDescriptions.pdf)
cannot capture the trend in the annual irrigation amount
caused by a nonlinear change in agricultural water management. However, it can generally reproduce the interannual variation of the annual irrigation when irrigation
water management is stable. In our study, the census annual
irrigation amounts are relatively stable; hence, the impact
of irrigation water management is relatively small. The
annual irrigation water simulation of our study exhibited an
overall good performance with an acceptable error.
The particular interest of our study is the monthly
variability of irrigation water. Given that the reported
mean monthly irrigation proportions were only available for 1950–80 and that the ET reconstruction period
was 1998–2010, the simulated mean monthly proportion
values in 1950–80 and 1990–2010 (to be close to the
study period of 1998–2010 and the length of 1950–80)
were examined for the verification of the irrigation
simulation based on the GLDAS 2.0 soil moisture. The
simulated mean monthly irrigation proportions for
1950–80 and 1990–2010 matched well with the reported
estimates for 1950–80 over the entire YRB (Fig. 2b).
The correlation coefficients were 0.935 and 0.915, respectively, which were both significant at the 99% level.
Note that the wintertime irrigation proportions were
overestimated in the simulations, which was partly
related to the different time periods between the
simulations and the collected data of the actually irrigated area (around the year 2005). As shown in
Fig. 2c, the simulated irrigation proportions for the
spring, summer, and winter seasons showed a largely
good agreement with the observations in the Zuncun
irrigation district, with a correlation coefficient of
0.817 for 1998–2006. The relatively large deviations in
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the simulated seasonal proportions in 2001 and 2002
(Fig. 2c) may be related to biases in the LSM soil
moisture. The simulated three-season irrigation proportions of the Zuncun irrigation district were not as
good as the mean monthly proportions over the entire
YRB, which is likely due to the small area of the
Zuncun district and the different statistical time (i.e.,
one is a time series with three values in each year and
the other is about the long-term average).
As mentioned earlier, both the GLDAS 2.0 and 2.1
soil moisture values had been validated by Lv et al.
(2018) and Lv et al. (2019) in the YRB, and these two
datasets were employed to examine the sensitivity of the
irrigation simulation to the applied soil moisture values,
especially for the monthly irrigation proportion that we
focused on. The performance of the irrigation simulation based on the GLDAS 2.1 soil moisture beginning in
2000 was similar to that from the GLDAS 2.0 soil
moisture (Fig. 3). Both the irrigation simulations from
the GLDAS 2.0 and 2.1 soil moistures were satisfactory
with acceptable errors, and the mismatch of the simulated annual irrigation amounts against the census
values mainly came from the used LSM soil moisture
and the simplistic representation of irrigation. The difference in the estimated irrigation water amounts from
GLDAS 2.0 and 2.1 was due to the difference in the
soil moisture of 0–100 cm, which was related to the
precipitation inputs (An et al. 2017). The downscaled
monthly irrigation amounts under these two soil moisture datasets are shown in Fig. 4, which shows a generally good match between these two downscaled series.
The correlation coefficient was 0.927 (p value , 0.0001)
and the mean monthly absolute difference was
0.413 mm month21 from 2000 to 2010. That is, these two
soil moisture datasets had little effect on the downscaled
monthly irrigation water that was ultimately used in the
ET reconstruction, although there is a relatively large
difference in the annual precipitation between GLDAS
2.0 and 2.1. Note that, since the simulated monthly irrigation proportions rather than the irrigation amounts
were used in our study, the impacts of uncertainties in the
soil moisture and precipitation were accordingly attenuated. In summary, the first irrigation scheme based on
Eq. (1) generally exhibited a satisfactory performance in
simulating the total annual irrigation water amounts and
monthly proportions; hence, the scheme was used to
downscale the census annual consumed irrigation water
to individual months.

5. Reconstruction of the actual evapotranspiration
The monthly basin-averaged ET values were reconstructed from six LSM runs in GLDAS 1.0, 2.0, and
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1.0/2.0 and 2.1, respectively. Given the relatively long
time span, the reconstructed ET values using the
downscaled irrigation water based on the GLDAS 2.0
soil moisture were mainly analyzed in this paper. The
reconstructed results based on the GLDAS 2.1 soil
moisture can be found in the supplemental material.

a. Reconstructed ET from GLDAS 1.0

FIG. 3. As in Fig. 2, but based on the GLDAS 2.1 soil moisture.
(a) Annual irrigation water amount over the entire basin from
2000 to 2015 (108 m3 yr21), (b) mean monthly irrigated water
proportions from 2000 to 2010 (%), and (c) seasonal irrigated
water proportions for each year (i.e., spring, summer, and winter)
in the Zuncun district from 2000 to 2006 (%).

2.1, together with the observation-based precipitation,
naturalized streamflow, and downscaled irrigation
water amounts. These three GLDAS versions are different in the precipitation forcing datasets and model
versions. The degree of consistency among the reconstructed ET from the above six LSM runs could be
used to examine the robustness of the reconstruction
method. The study time periods were 1998–2010 and
2000–10 for the reconstructed ET based on GLDAS

The reconstructed annual ET results from each of the
GLDAS 1.0 LSMs are shown in Fig. 5, which shows that
the ETrecon time series were close to one another, even
though the original ET series were scattered. Particularly, the original CLM ET was much lower than the
other three LSM ET values (Fig. 5a), which corresponded to a high overestimation of the runoff
(Fig. S4a). The GLDAS 1.0 CLM was also found to
underestimate the annual mean ET in all climate zones
by Liu et al. (2016b). In our study, the magnitudes of
the original GLDAS 1.0 LSMs ET and the three collected ET estimates were generally lower than those
of the water balance ET (i.e., ET 5 P 2 R 2 TWSC),
and the underestimations could be partially attributed
to the ignored influences of water management (Pan
et al. 2017). For instance, Castle et al. (2016) mainly
attributed the underestimates of LSM ET (21.0 6
12.3 km3 yr21) relative to the satellite-based ET
(GRACE-derived and MODIS-based) to humaninduced inputs (22.0 6 5.5 km3 yr21), especially from irrigation that is not represented in the LSM ET. Zhang et al.
(2018) verified the CDR ET using the observed P 2 R and
FLUXNET tower data, and attributed the disagreements between CDR ET and P 2 R to the effects of
water management on their estimated runoff over some
basins. Moreover, it was reported that the eddy covariance technique, which is applied by FLUXNET,
substantially underestimates lE (latent heat flux)
(Wang and Dickinson 2012). More importantly, the reconstructed annual ET values were similar to the water
balance ET (Fig. 5b), validating the robustness of the
proposed reconstruction method. After reconstruction,
the r and MAE indices were all improved for the four
LSM ETrecon values compared with the original ET
values. For example, r for the CLM ET was improved
from 0.876 to 0.882, and the MAE was reduced from
90.12 to 11.90 mm yr21 from 2003 to 2010.
In the year 2000, the ETrecon annual values derived
from the four GLDAS 1.0 LSMs were excessively low,
mainly because of the invalid inherent relationships of
ET ; P in 2000 of the GLDAS 1.0 outputs rather than
the reconstruction method. First, from the perspective
of different GLDAS versions, the annual values of
P and ET were respectively 499.24 and 397.67 mm under the GLDAS 1.0 Noah LSM, with an ET/P of 79.7%
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FIG. 4. Comparison of the downscaled monthly irrigation water amounts (mm month21)
based on the soil moisture from GLDAS 2.0 and 2.1 over the entire Yellow River basin.

(Fig. 6). However, they were 409.74 and 361.41 mm
(ET/P 5 88.2%) for the GLDAS 2.0 Noah, and 423.71
and 397.01 mm (ET/P 5 93.7%) under the GLDAS 2.1
Noah. The original GLDAS 2.1 ET values are closest to
the water balance estimates from 2003 to 2010. Second,
from the perspective of the GLDAS 1.0 original outputs alone, the peak value in the precipitation of 2000
(Fig. 6a) was accompanied by a relatively low ET
magnitude compared with the adjacent four years, especially for the CLM and VIC models (Fig. 5a), which
is unreasonable. The GLDAS 1.0 forcing data switched
several times, that is, the forcing data source in 2000
was different from those from 1994 to 1999 and from
2001 to present (Rui 2015). The abrupt shifts in the
forcing data in 2000 may be largely responsible for the
unreasonable water budget distribution. As indicated
by Wang et al. (2016), the GLDAS 1.0 temperature had
an abrupt shift and was greatly underestimated in
2000, and the snowfall had an obvious step change in
2000 with the value approximately doubled in China.
In our study, similar phenomena in the temperature
and snowfall were also found over the YRB (Fig. S5).
Precipitation has been reported to, on average, account for 94%–95% of the ET interannual variability
in dry basins worldwide, including the YRB (Ukkola
and Prentice 2013). The interannual variation of
the GLDAS 1.0 precipitation agreed well with the
observation-based precipitation, excluding the year
2000 during which the GLDAS precipitation was also
highly overestimated over China (Wang et al. 2016).
Accordingly, the reconstructed ET became even
lower due to the correction of the high overestimation
in the precipitation (;24%, Fig. 6a and Fig. S6a). The
phenomenon of a particularly low ETrecon value did
not exist for the reconstructed results from GLDAS
2.0 and 2.1, as will be discussed later. In summary, the

rationality of the interannual variability in ETrecon
also depended on the valid relationship of ET ; P in
the LSMs, as ET results from a water–energy balance in which precipitation is the most important
water supply.
Regarding the monthly time scale, the mean standard deviation of the four ETrecon series was
3.21 mm month21 over the YRB, which accounted for
8.5% of the mean monthly ETrecon. The peak values of the
average LSMs ETrecon were generally higher than those
of the Jung, CDR, and LandFlux-EVAL estimates, but
they matched relatively well with those of the water
balance ET (Fig. 7). All the statistics for the monthly
ETrecon were improved compared with the original
LSM ET and the three collected ET products, except
for r for CDR (Fig. 8). Relative to the original LSMbased ET, r, the NSE, MAE, and RMSE for ETrecon
were improved by 0.6%–1.8%, 1.2%–14.6%, 6.4%–
21.0%, and 2.1%–20.4%, respectively. Importantly,
according to the matched-pair Student’s t test, the
monthly ET series before and after reconstruction
were significantly different at the 99% level. The indices in Fig. 8 were also estimated from the monthly
ET series after removing the seasonal cycle to examine the interannual variability that is distributed to
individual months. After reconstruction, the deseasonalized monthly GLDAS ET compared better with
the deseasonalized water balance ET with all the
indices being improved, especially for r and the NSE
(which increased by 0.236–0.305 and 0.128–0.174,
respectively) (Fig. 9). Furthermore, the performance
of the CDR ET was better than those of Jung ET
and LandFlux-EVAL for the monthly variability. In
addition, the ETrecon results reconstructed using
downscaled irrigation water based on the GLDAS
2.1 soil moisture were similar to those results that
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FIG. 5. Comparisons of the evapotranspiration (mm yr21) among
the (a) original and(b) reconstructed results from GLDAS 1.0, the
three collected products (LandFlux-EVAL, CDR, and Jung), and
the water balance estimate (P 2 R 2 TWSC).

were based on the GLDAS 2.0 soil moisture
(Fig. S7).

b. Reconstructed ET from GLDAS 2.0
As shown in Fig. 10a, the GLDAS 2.0 ETrecon annual
magnitudes were closer to the water balance ET than
the original LSM results, with a reduction in the MAE
from 54.10 to 24.86 mm yr21. The annual ETrecon did not
properly capture the interannual variations of the water
balance ET in 2003–10 because of the relatively high
overestimations in 2005 and 2009. At first glance, the
interannual variability of the original LSM ET compared relatively well with that of the water balance
ET, but this is merely due to the year 2005. There was a
relatively large difference in the precipitation interannual variations between the GLDAS 2.0 and the
observation-based dataset, especially for 2001 and 2005
(Fig. 6b); thus, the original ET interannual variability
was not retained after the correction of the precipitation
for the annual series. Generally, the performances of
LSM simulations and reanalysis-based products in
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estimating the ET interannual variability are primarily
related to three aspects: 1) whether the water and energy
balances were considered reasonably; 2) model structural limitations; and 3) the accuracy of the forcing data
(Liu et al. 2016b). In our study, the obtained ETrecon
interannual variability relies on the variability of the
GLDAS precipitation and the inherent partitioning of
precipitation into ET and runoff in the LSM. Furthermore, we note that the Jung ET has nearly the smallest
variability in the YRB. Liu et al. (2016b) also found that
the Jung ET underestimated the interannual variability
of the water balance ET in 35 global river basins. They
partly attributed the underestimation to the neglect of
the solar radiation in the ET estimation, together with
the training of the Model Tree Ensemble method in
Jung ET, using only 2-yr data from eddy-covariance sites
on average. On the other hand, the r value in the
monthly ETrecon after removing the seasonal cycle was
obviously improved after reconstruction (Fig. 9), which
is not exactly identical to the conclusion in Fig. 10a. This
is because the deseasonalized time series reflects the
monthly distribution of the interannual variability.
Similarly, as shown in Fig. 8, all the statistics for the
monthly GLDAS 2.0 ETrecon (with the seasonal cycle)
were improved relative to the original Noah ET. The
NSE was increased from 0.76 to 0.80, and the RMSE
was decreased from 13.43 to 12.27 mm month21. The
ETrecon peaks were generally higher than those of
the Jung, CDR, and LandFlux-EVAL estimates
(Figs. 10b,c), which was consistent with the feature of
monthly ETrecon from GLDAS 1.0. Furthermore, a new
peak value appeared in May of 2001 of the GLDAS 2.0
ETrecon, which was due to the correction of the ;12 mm
underestimation in May and the almost no bias in June
in the GLDAS 2.0 precipitation (Fig. S6b). This result
once again indicates that precipitation is a key factor in
the reconstruction process. The performance of the
ETrecon obtained using downscaled irrigation water
based on the GLDAS 2.1 soil moisture was comparable
to that based on the GLDAS 2.0 soil moisture (Fig. S8).

c. Reconstructed ET from GLDAS 2.1
Unlike the results from GLDAS 1.0 and 2.0, both
ETrecon and original Noah ET annual values from
GLDAS 2.1 were close to the water balance estimate
(Fig. 11a), but ETrecon was relatively better in terms of
statistics (Figs. 8 and 9). The reconstruction method
improved the small interannual variability in the
GLDAS 2.1 annual ET, with r increasing from 0.67 to
0.80. The NSE was improved from 0.39 to 0.51, MAE
was reduced from 17.38 to 14.95 mm yr21, and RMSE
was reduced from 18.78 to 16.79 mm yr21. Regarding the
deseasonalized monthly ETrecon series, r increased
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FIG. 6. (a)–(c) Evaluations of the precipitation in the land surface models from GLDAS
1.0, 2.0, and 2.1, respectively, using observation-based values over the entire Yellow River
basin (mm yr21). (d) The ratios of evapotranspiration to precipitation (mm mm21 yr21).

from 0.171 to 0.445 compared with the deseasonalized
series before reconstruction. The peak values of
monthly ETrecon (with the seasonal cycle) were also
generally higher than those of the Jung, CDR, and
LandFlux-EVAL ET estimates (Figs. 11b,c). The resulting ETrecon based on the GLDAS 2.1 soil moisture
can be found in Fig. S9.

The results showed that the ET simulation in GLDAS
2.1 had been greatly improved compared with those of
GLDAS 1.0 and 2.0, which was closely associated with
the precipitation quality (Fig. 6 and Fig. S6). For instance,
although GLDAS 2.0 and 2.1 ran the same LSM of Noah
3.3, a systematic deviation existed between the two
original annual ET series, for which precipitation was an

Unauthenticated | Downloaded 01/09/23 02:54 AM UTC

2176

JOURNAL OF HYDROMETEOROLOGY

FIG. 7. Comparisons of the monthly evapotranspiration (ET;
mm month21) among the average reconstructed ET, the three collected products, and the water balance estimates. The census annual
irrigation water was downscaled into monthly values using the soil
moisture from GLDAS 2.0 during the reconstruction.

important factor (Fig. 6c). It is noteworthy that the simulated two runoff series from GLDAS 2.0 and 2.1 were
both underestimated relative to the naturalized runoff
(Figs. S4b,c), although much better results were obtained
for the precipitation quality in GLDAS 2.1. This finding
was consistent with the conclusion of Wang et al. (2016),
that the Noah LSM had a defect of underestimating
runoff, even if little bias was present in the forcing data.
This finding justified the necessity for the runoff correction in the ET reconstruction process, as biased runoff
simulation is an indirect indicator of the ET simulation. In
our study, although the original ET datasets were from
different GLDAS LSMs, the ETrecon results converged to
the water balance estimate. The monthly ET series before
and after reconstruction were significantly different at the
99% level of the matched-pair Student’s t test, except
those from GLDAS 2.1. In summary, the above analyses
confirmed the robustness of our reconstruction method.

6. Importance of the GLDAS ET
evaluation/correction and uncertainties in the
water balance ET
a. Evaluation and correction of GLDAS ET
To the authors’ knowledge, the monthly ET results
from all GLDAS versions have been less evaluated.
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Although Wang et al. (2016) examined the forcing data
and Noah simulations from GLDAS 1.0 and 2.0 over
China, they compared the GLDAS-simulated monthly
ET 1 TWSC with the observed P 2 R instead of
evaluating ET directly. Liu et al. (2016b) conducted a
worldwide evaluation of nine ET products, including
ET from Noah of GLDAS 2.0 and CLM/Mosaic of
GLDAS 1.0, but the evaluation focused on the annual time scale. Pan et al. (2017) noted the underestimates in P and ET and the high biases in the
runoff in four GLDAS 1.0 LSMs, and they used the
difference between the GRACE-based water balance
ET and GLDAS 1.0 ET, without any correction, as the
human-induced ET estimate. Therefore, it is very important to identify whether GLDAS can produce
the natural hydrological processes accurately, as well
as how to correct the water budget components if
the answer is no. In our study: 1) the ET results
from GLDAS 1.0, 2.0, and 2.1 were evaluated using
the water balance estimate and the available multidataset synthesis products of ET at both the annual
and monthly time scales; 2) the GLDAS precipitation and runoff were also examined with respect to the observations; and 3) the reconstructed
natural and actual ET were obtained via bias corrections. The evaluations of the widely used GLDAS
products are useful for people with interests in the
datasets. Such evaluations in major global river basins are helpful for GLDAS to improve its simulations in the future from the aspects of both the
forcing data and the LSM structure.
Compared with the GRACE-based water balance ET,
the reconstructed ET of our study is not constrained
by the time period or region size. The regional, mean
annual ET was usually estimated by using the observed precipitation minus the runoff, with the assumption that TWSC 5 0. After the launch of the
GRACE satellites, monthly TWSA values have become available and monthly water balance ET estimates have become possible. Nevertheless, the
monthly water balance ET (i.e., P 2 R 2 TWSC) can
only be obtained over large enough regions starting
from 2002, because the spatial resolution of TWSA is
coarse and the time span is short starting from 2002.
As stated earlier, monthly GRACE-TWSA data with
sufficient accuracy are guaranteed over regions from
;200 000 km2 at low latitudes to 90 000 km2 near
the poles (Rodell et al. 2018). In this paper, only
basin-mean reconstructed ET was analyzed due to
the lack of gridded observational datasets. First,
there is no spatial information in the collected naturalized streamflow because it was compiled using
the streamflow observed at one gauge station, which
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FIG. 8. Verification of the reconstructed evapotranspiration from GLDAS 1.0, 2.0, and 2.1 against the water
balance ET estimates (i.e., P 2 R 2 TWSC) according to the (a) Pearson correlation coefficient, (b) Nash–
Sutcliffe efficiency, (c) mean absolute error (mm month21), and (d) root-mean-square error (mm month21)
from 2003 to 2010.

represents the entire hydrological regime above that
station. Second, only the irrigation water information
over the entire basin and a small district were available; thus, the performance of the spatial irrigation
water simulation is still unknown. The conditions for
spatial ET reconstruction are not yet fully met at the
current stage. The gridded reconstructed ET can be
realized with the following efforts in the future. The
gridded natural streamflow with a high quality can
be obtained through well-calibrated hydrological
models, which depends on having sufficient collected
naturalized streamflow data across the basin. Moreover, monthly irrigation water data at multiple irrigation districts need to be collected to verify the
spatial irrigation simulation, although these data are
very difficult to obtain.

b. Uncertainties in the water balance ET
The naturalized runoff was used in the reconstruction,
while the gauged runoff was employed in the water
balance ET estimation. These two runoff datasets were
both provided by the Yellow River Conservancy Commission and can be regarded as the most reliable runoff data. The uncertainties in these two runoff datasets

were conservatively assigned to be 10% according to
Pan et al. (2017), Pan et al. (2012), Landerer et al.
(2010), and Rodell et al. (2004a). Following Lv et al.
(2017), the precipitation uncertainty was estimated from
the standard deviation (62s) at a confidence level of
95%. The uncertainty in the average GRACE-TWSA
(uTWSA) was estimated using the leakage/measurement
errors of the spherical harmonic solution and the released
uncertainty for the JPL mascon solution. Specifically,
according to the error
propagation, uTWSA was estimated
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
as uTWSA 5 (1/4) 3 3 u21 1 u22 , where u1 and u2 are the
uncertainties in the spherical harmonic and mascon solutions, respectively. The TWSA uncertainties were estimated to be 12.4 and 19.3 mm month21 over the YRB
for the spherical harmonic solution and the JPL mascon
solution, respectively. Second, given that the standard
deviation is widely used in estimating uncertainty
(Rodell et al. 2007; Long et al. 2014), uTWSA was also
estimated in another way, uTWSA 5 62s, where s is
the standard deviation of the four TWSA series.
Third, the uncertainties in TWSA and P were also
estimated using 6s in a less-conservative estimation
(Pan et al. 2017). The uncertainty inpTWSC
(uTWSC)
ﬃﬃﬃ
was computed as uTWSC 5 uTWSA 3 2. Finally, the
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FIG. 9. As in Fig. 8, but for evapotranspiration after removing the seasonal cycle (* indicates significance at the
95% level of the Student’s t test).

uncertainty in the water balance ET was obtained by
combining the uncertainty terms of P, TWSA, and the
runoff by propagation.
The monthly water balance ET and its uncertainties
estimated in the above three ways are shown in Fig. 12,
which shows that the uncertainties estimated using
62s were the highest, and the four TWSA series became closer with a decreasing trend in the standard
deviation. The average TWSA was used to reduce the
associated uncertainties, so the uncertainty in the average result was supposed to be less than each TWSA
dataset. Additionally, the uncertainty in the water
balance estimated ET mainly came from the GRACEderived TWSC (Fig. 13), in line with the findings of Lv
et al. (2017), Pan et al. (2017), and Sheffield et al.
(2009). Similarly, Wan et al. (2015) obtained ET from
the GRACE-based water balance equation over the
conterminous United States, and the RMSD of the
multiple ET estimates used to evaluate the derived ET
varied from 64.4 to 146.3 mm yr21, which was comparable to the uncertainty of GRACE-TWSC. Despite
the uncertainties in the observed precipitation, runoff
and GRACE-derived TWSC, the water balance ET
integrated over a river basin remains ‘‘the most firmly
observationally based estimator of ET’’ (Ukkola and
Prentice 2013). Importantly, the GRACE Follow-On

mission will afford a small increase in the spatial resolution and accuracy (Flechtner et al. 2016; Rodell
et al. 2018), and the TWSC-based water balance ET
will be improved accordingly.

7. Conclusions and summary
An accurate estimation of evapotranspiration is essential for the understanding of land surface–atmosphere
interaction, drought assessment, and water resources
management. However, in situ measurements of ET
for a large region are difficult to obtain, the currently
available ET products have large uncertainties, and
the irrigation effects are not well represented in the
currently available ET products. We consider it potentially feasible to use high-quality precipitation and
runoff data to constrain LSM ET. The reconstruction
method was therefore proposed from a water balance
perspective with consideration of irrigation at a
monthly time scale. In this study, the monthly basinaveraged ET time series were reconstructed from
six LSM runs in GLDAS 1.0, 2.0, and 2.1 using
observation-based precipitation, naturalized streamflow, and census consumed annual irrigation water
use. The YRB of China, which is influenced by intense
irrigation, was employed as a case study due to data
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FIG. 10. Evaluations of the reconstructed (a) annual (mm yr21)
and (b),(c) monthly (mm month21) evapotranspiration results
from GLDAS 2.0 with the downscaled monthly irrigation water
amount based on the GLDAS 2.0 soil moisture.

availability. The method can also be applied to
other basins.
To obtain the monthly ETrecon, the available census
annual irrigation amount was first downscaled into individual months through monthly proportions simulated
by a proposed soil-moisture-based offline irrigation
scheme. Before the downscaling, this irrigation scheme
was validated with respect to the census annual irrigated
water amount and the reported seasonal and mean
monthly irrigation proportions. Specifically, the mean
annual absolute relative error in the simulated annual
irrigation amount was less than 12.0%, and the correlation coefficient was significant at the 99% level of the
Student’s t test for the simulated mean monthly irrigation proportion. After reconstruction, the monthly
ETrecon values were generally improved relative to the
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FIG. 11. As in Fig. 10, but for evapotranspiration reconstructed
from GLDAS 2.1, beginning in 2000.

original LSM-based ET, with improvements of r, the
NSE, the MAE, and the RMSE by 0.6%–1.8%, 1.2%–
14.6%, 1.3%–21.0%, and 2.1%–20.4%, respectively.
Furthermore, the monthly ETrecon results were superior
to the collected three ET synthesis products in terms of
statistics. The peak values of the monthly ETrecon were
closer to the water balance estimates than those of the
three collected synthesis products. Regarding the annual time scale, the values of ETrecon were close to the
water balance ET, although the original LSM-based ET
series were scattered. Overall, the interannual variability in ETrecon compared well with that of the water
balance estimate. The interannual variability in ETrecon
was highly associated with the precipitation variability
and inherent partitioning of precipitation into ET and
runoff in the LSM, as precipitation is the most important
water supply.
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FIG. 13. Uncertainties (mm month21) in each of the water budget
terms. The uncertainty in R was 10%, and the TWSC uncertainty
was based on the leakage/measurement errors of the spherical
harmonic solution and the released uncertainty for the JPL mascon
solution. The uncertainties in P and TWSC0 were estimated using
the 62 standard deviations s. The uncertainties in P00 and TWSC00
were estimated based on 6s. The uncertainty in ET was calculated
by propagating the errors of P, R, and TWSC.

reconstructed ET can also be obtained using this
method if spatial high-quality runoff and irrigation
data are available.

FIG. 12. Uncertainties (mm month21; shaded area) in the water
balance estimate of the evapotranspiration (i.e., ET 5 P 2 R 2
TWSC), for which the uncertainty in TWSA was estimated in
three ways: (a) released uncertainties for spherical harmonic and
JPL mascon solutions, (b) two standard deviations (62s) among
the four TWSA datasets, and (c) one standard deviation (6s)
among the four TWSA datasets.

Despite the uncertainties in the observed precipitation, runoff, and GRACE-TWSC, the water balance ET integrated over a river basin remains the most
reliable estimator of ET. Therefore, the water balance
ET was used to evaluate the ETrecon values in this study.
The downscaled monthly irrigation water amount was a
source of uncertainty for ETrecon. The simulated mean
monthly irrigation proportions were evaluated using
census data from 1950 to 1980, which is earlier than
the study period in this study. Therefore, the monthly
irrigation water data needs to be collected to further
evaluate and improve the proposed irrigation schemes.
The reconstruction method of our study can provide an
alternative estimation of the actual ET, and gridded
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