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Abstract
Quantifying global terrestrial evapotranspiration (ET) relies on models with different levels of complexity. The water bal-
ance method offers a straightforward approach for benchmarking complex ET models, as evidenced by the widely-used 
terrestrial water-balance-based ET (ETTWB) data. However, deriving ETTWB must rely on ground-observed runoff data, 
which is not feasible for ungauged or poorly-gauged regions. In this context, the atmospheric water balance (AWB) method 
offers an alternative for estimating ET, which can be applied to the entire global land area. Nevertheless, the accuracy of the 
AWB approach in estimating global ET remains poorly understood. In this study, we generated monthly atmospheric water-
balance-based ET (ETAWB) globally from 1983 to 2020 at a 0.25° resolution using multi-source data. Validations against 
the annual ETTWB of 56 large river basins suggest that ETAWB, estimated using the moisture convergence and atmospheric 
water vapor from the fifth generation of European Center for Medium-Range Weather Forecasts Reanalysis (ERA5) and 
the precipitation from four observation-based products, is overall accurate. Specifically, the AWB method yields Nash–Sut-
cliffe efficiency coefficient (NSE), root mean square error (RMSE), and relative bias (RB) of 0.88, 89.5 mm year−1, and 
2%, respectively. These statistical metrics indicate that the AWB method is generally on par with current mainstream ET 
models. However, the AWB approach still has certain challenges in capturing the trend in ET. The ensemble mean ETAWB, 
estimated using the moisture convergence and atmospheric water vapor from ERA5 and four precipitation datasets, yields a 
global-averaged value of 619 ± 8 mm year−1 (excluding Antarctica) and shows an increase of 2.1% from 1983 to 2020, with 
a trend of 0.35 mm year−1. Tropical regions exhibit pronounced interannual variability in ETAWB due to the internal climate 
variability influencing precipitation and moisture convergence. The current AWB approach  can potentially improve the 
understanding of regional and global ET processes, as it represents an independent approach to ET estimation, distinct from 
current remote sensing and land surface models.
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1  Introduction

Evapotranspiration (ET) represents the total water vapor 
flux transferred from the land surface to the atmosphere, 
including evaporation from soil or water bodies, transpi-
ration from vegetation, and evaporation of rainfall inter-
cepted by the canopy. Globally, more than 60% of precipi-
tation over land returns to the atmosphere (Ma et al. 2021; 
Oki and Kanae 2006), consuming approximately 50% of 
the net radiation available at the land surface (Trenberth 
et al. 2009; Wild et al. 2015), thereby linking the land and 
atmospheric branches of the hydrological cycle. Accord-
ingly, ET is a crucial component of the Earth’s system, 
affecting the exchange of water, carbon, and energy 
between the land surface and atmosphere (Fisher et al. 
2017; Ma and Szilagyi 2019; Oki and Kanae 2006). Vari-
ation in ET is an important indicator of the response of 
hydrological cycle to global warming and influences ter-
restrial water availability (Ma and Zhang 2022; Seager 
et al. 2007; Sun et al. 2016, 2017; Zhang et al. 2023). 
However, compared to other components of the hydrologi-
cal cycle, ET is poorly constrained (Jasechko et al. 2013; 
Liu et al. 2022; Syed et al. 2010; Volk et al. 2023; Yang 
et al. 2023). Therefore, accurate ET estimation is impera-
tive for understanding the water cycle changes, weather, 
and climate dynamics (Trenberth et al. 2007; Zeng et al. 
2017; Zhao et al. 2022).

Over the past few decades, significant progress has been 
made in estimating ET using ground-based observations 
and various models (Ma et al. 2015; Melo et al. 2021; 
Salazar-Martínez et al. 2022; Wang and Dickinson 2012). 
Among these methods, a range of measurement systems, 
including lysimeters, eddy covariance, Bowen ratio, and 
the eddy-covariance (EC) method, provide a direct meas-
urement of ET (Allen et al. 2011) but are limited in a 
local scale and short time coverage, making them imprac-
tical at a global scale. Over recent years, a surge of global 
ET gridded products with different temporal and spatial 
resolutions have been developed from different types of 
models, including machine learning-based (Agrawal et al. 
2022; Amani and Shafizadeh-Moghadam 2023; Jung et al. 
2011), remote sensing-based (Fisher et al. 2020; Mu et al. 
2007; Sun et al. 2023; K. Zhang et al. 2019; Zheng et al. 
2022), reanalysis-based (Gelaro et al. 2017; Hersbach et al. 
2020; Kobayashi et al. 2015), and land surface models (Cai 
et al. 2014; Li et al. 2022; Xia et al. 2012; Zhang et al. 
2022), to complement in-situ observations. These ET mod-
els, varying in complexity, have significantly advanced our 
understanding of the ET process. However, these ET prod-
ucts inherently contain uncertainties stemming from the 
model structures or the forcing data. Previous studies have 
indicated that the spatial patterns of magnitude, trend, 

and variability globally differ significantly among various 
global ET gridded products (Ma et al. 2024; Tang et al. 
2024). Reanalysis products usually have a coarse spatial 
resolution, along with inherent biases and uncertainties 
related to the assimilation process, especially in areas with 
sparse observations. Remote sensing-based models using 
satellite observations with advanced parameterizations of 
surface fluxes provide a promising approach to estimat-
ing ET, especially in poorly gauged basins. Nonetheless, 
spatial resolution mismatch between forcing data and veg-
etation data can introduce large uncertainties in ET estima-
tion (Yang et al. 2013). Land surface models offer another 
approach for large-scale ET estimation, but the accuracy 
in soil parameters (e.g., soil texture, wilting point) largely 
impact the skill of land surface models in modeling ET (Li 
et al. 2019) constrains the accuracy of the ET estimates 
and usually results in a coarse spatial resolution (Long 
et al. 2014). Machine-learning-based datasets upscale flux-
tower-based ET observations to regional or global scales 
using machine-learning algorithms with relatively higher 
accuracies, provided there are sufficient inputs of in-situ 
ET observations in the assimilation processes (Jung et al. 
2019).

Owing to all the uncertainties across varying models, 
discrepancies between products impede the selection of 
the most appropriate ET data. Therefore, a systematic 
evaluation of the model results is necessary. EC observa-
tions, particularly from the FLUXNET networks world-
wide (Pastorello et al. 2020), provide the most accurate 
data for evaluating estimated ET and have been extensively 
used to assess ET estimates from various models across 
different vegetation types (Li et al. 2021; Liu et al. 2023, 
2013; Zhang et al. 2024). However, the temporal coverage 
of the EC observations is limited to post-2000 and sparse, 
especially in Africa, South America, and Asia (Pastorello 
et al. 2020). Additionally, issues such as the energy clo-
sure problem at some EC sites (Foken 2008) and spatial 
resolution mismatches remain intractable for evaluating 
ET products (Chu et al. 2021). Previous studies have sug-
gested that empirical and statistical methods may be more 
accurate than complex physical and analytical methods for 
estimating ET (Kalma et al. 2008). This is because empiri-
cal and statistical methods are data-driven and independent 
of rigid theoretical model assumptions (Jung et al. 2010). 
Accordingly, water-balance-derived ET offers an alterna-
tive and effective methodology for evaluating modeled ET 
on larger scales (Builes-Jaramillo and Poveda 2018). The 
terrestrial water balance (TWB) approach is widely used 
to validate ET models (Jia et al. 2022; Szilagyi et al. 2024; 
Velpuri et al. 2013; Zhang et al. 2022), with ET calculated 
as the residual of precipitation minus the runoff and ter-
restrial water storage change at the basin scale (Rodell 
et al. 2004; Zeng et al. 2014). With the global availability 
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of terrestrial water storage from the Gravity Recovery 
and Climate Experiment (GRACE) with unprecedented 
accuracy since 2002, Ma et al., (2024) recently developed 
an observation-based terrestrial water balance-based ET 
(ETTWB) dataset for 56 large river basins around the world, 
to providing a benchmarking tool for large-scale ET mod-
els. However, the TWB-estimated ET can only be used in 
gauged basins as it must rely on ground-observed runoff 
data. Additionally, there is a limitation on temporal cover-
age of ETTWB because GRACE data only starts from 2002.

Apart from the TWB, the atmospheric water balance 
(AWB) offers an alternative framework to estimate ET, 
given that ET represents the total water vapor flux trans-
ported from the surface to the atmosphere, which is a cru-
cial component in the atmospheric branch of the hydro-
logical cycle. ET estimation based on AWB is derived 
from the residual of precipitation (P) minus atmospheric 
moisture convergence ( −∇ ⋅ Q ) and atmospheric water 
storage change 

(

�W

�t

)

 (Oki et al. 1995). Compared to TWB, 
AWB do not need ground observed runoff in estimating 
ET. AWB relies on meteorological information, including 
winds and specific humidity, to calculate the atmospheric 
moisture convergence, which is typically sourced from 
reanalysis data. Meteorological observations used in rea-
nalysis data are derived from radiosondes and are comple-
mented by remote sensing techniques and atmospheric 
analysis models to achieve steady, time-continuous global 
coverage. Multiple reanalysis datasets have produced a 
coherent set of surface and upper-air meteorological data, 
utilizing modern satellite observations since 1979 or 
global radiosonde observations established in 1958, to 
understand the atmospheric hydrological cycle. Prominent 
reanalysis datasets include the National Aeronautics and 
Space Administration Modern-Era Retrospective-Analysis 
for Research and Applications v2 (MERRA2) (Gelaro 
et al. 2017), the Japanese Meteorological Agency55-year 
(JRA55) (Kobayashi et al. 2015), and the fifth generation 
of European Center for Medium-Range Weather Forecasts 
Reanalysis (ECMWF, ERA5) (Hersbach et al. 2020). As a 
crucial link between the terrestrial and atmospheric hydro-
logical cycle, ET estimation from independent atmos-
pheric data can potentially supplement water-balance-
based ET, which is applicable anywhere and extends from 
the basin scale to the global scale. However, insight into 
the accuracy and spatial patterns of the global ET estima-
tion based on AWB is still lacking. Given the inherent 
uncertainties in these reanalysis products related to differ-
ent physical parameterizations, data assimilation proce-
dures, and observational uncertainties (Miao et al. 2020; 
Ramon et al. 2019; Stopa 2018), it is necessary to evaluate 
the performance of different reanalysis in estimating ET 

using AWB approach to provide a reference for the 
community.

Therefore, this study aims to (1) estimate global ET on 
a monthly scale using the AWB approach; (2) determine 
whether the AWB approach improves upon current main-
stream land ET products; and (3) quantify the global spa-
tial and temporal variations in ET estimated by the AWB 
approach. The primary novelty of the present study is the 
new estimation of global ET by the AWB approach, which 
is different from previous land surface and remote sensing 
models.

2 � Materials and methods

2.1 � Atmospheric water balance

In this study, the atmospheric water-balance-based evapo-
transpiration (ETAWB) was estimated using the atmospheric 
water balance equation (Oki et al. 1995):

where P is the precipitation, −∇ ⋅ Q is the mean convergence 
of the horizontal atmospheric water vapor fluxes, and �W

�t
 

represents the change of the atmospheric water storage. The 
vertically intergraded moisture convergence is calculated by:

where ps (Pa) is surface pressure, g (m s−2) is gravitational 
acceleration, ��⃗V  (m s−1) is horizontal wind vector, and q (kg 
kg−1) denotes the specific humidity.

Four precipitation datasets at a monthly scale used for 
ETAWB estimates are consistent with those used to estimate 
terrestrial water-balance-based ET data (ETTWB) for evalu-
ation in this study (Ma et al. 2024). The corrected precipi-
tation datasets include (1) Climatic Research Unit gridded 
Time series Version 4.06 at 0.5° resolution (Harris et al. 
2020) (CRU, 1982–2020); (2) Global Precipitation Climatol-
ogy Centre Full data Monthly Version 2022 at 0.25 resolu-
tion (Schneider et al., 2022) (GPCC, 1982–2020); (3) Global 
precipitation Climatology Project Version 3.2 Satellite-
Gauge Combined Precipitation at 0.5° resolution (Huffman 
et al. 2023) (GPCP, 1983–2020); 4) Multi-Source Weighted 
Ensemble Precipitation Version 2.8 at 0.1° resolution (Beck 
et al. 2019) (MSWEP, 1982–2020). The monthly data for 
total column water vapor (precipitable water), specific 
humidity, winds from the surface to the top of the atmos-
phere, and vertically integrated moisture convergence are 
provided by three reanalysis datasets: (1) the fifth generation 
of European Center for Medium-Range Weather Forecasts 

(1)ETAWB = P − (−∇ ⋅ Q) −
�W

�t

(2)−∇ ⋅ Q = −
1

g
∇ ⋅ ∫

pS

0

q��⃗Vdp
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Reanalysis at 0.25° resolution (Hersbach et al. 2020) (ERA5, 
1979-present); (2) Japanese 55-year Reanalysis at 1.25° 
resolution (Kobayashi et al. 2015) (JRA55, 1958-present); 
(3) Modern-Era Retrospective Analysis for Research and 
Applications at a native resolution of 0.5° latitude by 0.625° 
longitude (about 50 km in the latitude direction) (Bosilovich 
et al. 2015) (MERRA2, 1982-present). ERA5 and JRA55 
datasets are available on a monthly scale whereas MERRA2 
offers monthly means of data fields every six hours from 
00:00 UTC. ERA5 is the fifth global atmospheric reanaly-
sis product from ECMWF, succeeding ERA-Interim and 
earlier interactions, such as the First Global Atmospheric 
Research Program Global Experiment, ERA-15, and ERA-
40. Compared to ERA-Interim, ERA5 has significantly 
improved pronouncedly in the observation system, assimi-
lation scheme, and model algorithm (Hersbach et al. 2020). 
JRA55 is the third-generation reanalysis product, developed 
to address deficiencies in the first Japanese reanalysis pro-
ject, the Japanese 25 year Reanalysis (JRA25), released by 
the JMA in 2010. JRA55 incorporates higher spatial res-
olution, a new radiation scheme, a simple inflation factor 
scheme, and bias correction, providing a long-term compre-
hensive atmospheric dataset. MERRA2 replaces the original 
MERRA dataset created by NASA. In MERRA2, the atmos-
pheric assimilation system was upgraded to assimilate newer 
satellite observations, and a newer Goddard Earth Observing 
System Model, Version 5 (GEOS5) system was employed. 
All precipitation and reanalysis data were interpolated to a 
0.25° resolution using the nearest neighbor method. ETAWB 
was calculated at a 0.25° resolution on a monthly scale, cor-
responding to the periods of precipitation data.

2.2 � Terrestrial water‑balanced ET data

Terrestrial water-balance-based evapotranspiration (ETTWB) 
data for 56 large (> 105 km2) river basins worldwide derived 
from Ma et al., (2024) are used for evaluation in this study. 
This dataset was generated using a Bayesian-based three-
cornered hat method from 12 annual ETTWB time series, 

which derived from the observed runoff, four different pre-
cipitation data sources, and three types of terrestrial water 
storage change estimates. The accuracy of the ETTWB dataset 
from Ma et al., (2024) was significantly improved by using 
bias-corrected precipitation. Using multiple precipitation 
and terrestrial water storage change estimates further ben-
efits its applicability in large-scale ET model revaluations. 
The distribution of 56 river basins is shown in Fig. 1, and 
basic information about these basins is summarized in Sup-
plementary Table 1. Further details on this dataset can be 
found in Ma et al., (2024).

2.3 � Long‑term gridded global ET products

In this study, we selected three typical long-term gridded 
global ET products for inter-comparison, which include (1) 
The Global Land Evaporation Amsterdam Model (GLEAM) 
Version 3.6a (Martens et al. 2017), which is a remote sens-
ing-based models; (2) The Simple Terrestrial Hydrosphere 
(SITH) model (Zhang et al. 2024), a data-driven diagnos-
tic model developed based on the groundwater-soil–plant-
atmosphere continuum by Zhu et al., (2019) and Zhang et al., 
(2022); and (3) The ET from the ERA5 reanalysis (Hersbach 
et al. 2020), which is essentially the output for a Hydrology-
Tiled ECMWF Scheme for Surface Exchange over Land. 
All three ET products cover the period of 1982–2020 with 
a spatial resolution of 0.25°. These three ET products were 
selected for long-term coverage that aligns with the period 
of the ETAWB dataset.

2.4 � Evaluation metrics

The ETAWB dataset is compared with ETTWB at 56 basins as 
well as with three long-term global ET datasets at the basin 
scale, global scale, and various climate zones. Evaluation 
metrics include root mean square error (RMSE), Nash–Sut-
cliffe efficiency coefficient (NSE), correlation coefficient 
(R), and relative bias (RB). The significance of the ET trend 
is tested using Student’s t-test.

Fig. 1   Spatial distribution of 
56 river basins for the ETTWB 
data used in this study  (Modi-
fied from Ma et al. 2024). The 
numbers correspond to the IDs 
in Table S1
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2.5 � Uncertainty calculation

The uncertainty of the ETAWB is calculated by the uncertain-
ties in each variable of Eq. (1) which assumes the errors in 
them are independent (Dingman, 2015).

where � represents the uncertainty of the variable specified 
by the subscript. The �P , �Q and � �W

�t

 are calculated as the 
standard deviation across three precipitation products and 
four reanalysis datasets.

3 � Results

3.1 � Evaluation of the ETAWB estimated using 
precipitation, moisture convergence, 
and atmospheric water vapor from multiple 
data sources

The ETAWB was estimated using moisture convergence and 
atmospheric water vapor from three reanalysis datasets 
(ERA5, JRA55, and MERRA2), and precipitation from four 
observe-based precipitation datasets (CRU, GPCC, GPCP, 

(3)�ETAWB
=

√

�2
P
+ �2

Q
+ �2

�W

�t

and MSWEP). Figure 2 illustrates the spatial distribution 
of the basin-averaged multi-year mean annual ETAWB from 
various data sources relative to the ETTWB in 56 river basins, 
along with the corresponding regression plot. The results 
reveal minimal spatial difference in the 12 multi-year mean 
ETAWB across different precipitation datasets, but significant 
differences among different reanalysis data. Annual mean 
ET values derived by the moisture convergence and atmos-
pheric water vapor from ERA5 exhibit particularly high 
accuracy (NSE ≥ 0.86, RMSE ≤ 97.5 mm year−1, R ≥ 0.947, 
and RB ≤ 6.2%) (Figs. 2a ~ d). The proportion of relative 
errors within ± 10% is at least 40% out of 56 basins. Annual 
mean ETAWB values derived from JRA55 and MERRA2 
exhibit relatively poor performance, tending to signifi-
cantly overestimate ETTWB in most basins. RMSE values 
reach up to 350 mm year−1, and NSE values are even nega-
tive. The relative errors exceed ± 20% in more than 40 of 56 
basins. The ETAWB estimates using moisture convergence 
and atmospheric water vapor from JRA55 and MERRA2 
relative to ETTWB exhibit a similar spatial distribution, with 
overestimation exceeding 60% in regions such as eastern 
Siberia, including the Yenisy (Basin #36), Lena (Basin #37), 
and Kolyma basins (Basin #10); the United States, including 
the Columbia (Basin #05), Rio Grande (Basin #16), Upper 
Colorado (Basin #17), Lower Colorado (Basin #18), Great 
Basin (Basin #19) and California (Basin #20) basins; and 

Fig. 2   Evaluations of ETAWB based on multiple reanalysis and pre-
cipitation datasets against the terrestrial water-balanced ETTWB for 56 
basins from 1983 to 2016. The inset in the spatial distribution plot 
shows the number of basins within specified relative error ranges. 
The length of the whiskers denotes the standard deviation of the 

basin‐averaged annual ET during the period 1983–2016. NSE refers 
to Nash–Sutcliffe efficiency. The strips around the least-squares-fitted 
red line, with its specified slope indicate the 95% confidence inter-
vals. RMSE is the root mean square error in mm year−1
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coastal regions in eastern United States, including New Eng-
land (Basin #07) and the Mid-Atlantic (Basin #08) region as 
well as in the Mackenzie Basin (Basin #01).

The uncertainty of monthly precipitation, moisture con-
vergence, change of the atmospheric water vapor storage, 
and the ETAWB are shown in Fig. 3. The uncertainty of pre-
cipitation mainly occurs in high-precipitation areas includ-
ing the Maritime Continent, Amazon, and Congo Basin, 
which shows the largest difference across different precipi-
tation data. It is shown that the uncertainty of the atmos-
pheric water storage change is less than 2 mm month−1 since 
changes in atmospheric water storage in the AWB are negli-
gible over long timescales (Dominguez et al. 2006; Rasmus-
son 1968). The spatial pattern of the uncertainty for ETAWB 
is similar to that of the atmospheric moisture convergence 
with larger uncertainties in high-altitude regions, including 
the Rocky Mountains, the Andes Mountains, the East Africa 
Plateau, the Tibetan Plateau, and the Maritime Continent 
near the equator. The result indicates that the uncertainties 
of ETAWB stem primarily from the uncertainty in moisture 
convergence.

To further investigate the reasons for the significant 
overestimation and discrepancies in ETAWB values that 
use the moisture convergence from JRA55 and MERRA2, 
Fig. 4 illustrates the spatial distribution of atmospheric 

moisture convergence from JRA55, MERRA2, and ERA5. 
The spatial patterns of multi-year mean atmospheric mois-
ture convergence from ERA5, JRA55, and MERRA2 are 
generally consistent, all capturing significant convergence 
in the Intertropical Convergence Zone (ITCZ). The differ-
ences mainly occurred in western United States and east-
ern Siberia, where JRA55 and MERRA2 show moisture 
divergence, while ERA5 indicates moisture convergence 
(Fig. 4 and Figure S1). The differences in moisture con-
vergence patterns are consistent with the discrepancies in 
ETAWB estimates (Fig. 2). Figure S2 also shows the dis-
tributions of multi-year mean precipitation values across 
the four products are similar, minor differences (no more 
than ± 10 mm month−1) are observed, except in Green-
land (Figures S2 and S3). The results suggest that the 
significant overestimation of the ETAWB in some basins 
derived from the JRA55 and MERRA2 may be attributed 
to the bias in moisture convergence. Caution is advised 
when using winds and specific humidity from JRA55 and 
MERRA2 to calculate atmospheric moisture convergence 
for analyzing related atmospheric circulations in these 
regions. Overall, the evaluation of ETAWB estimated using 
multiple data sources against ETTWB superior perfor-
mance of the moisture convergence and atmospheric water 
vapor from the ERA5 reanalysis compared to JRA55 and 
MERRA2, regardless of precipitation data.

Fig. 3   Spatial distribution of the multi-year mean monthly uncertainty in a precipitation; b moisture convergence; c atmospheric water storage 
change; and d ETAWB globally

Content courtesy of Springer Nature, terms of use apply. Rights reserved.
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3.2 � Evaluation of the ensemble mean ETAWB 
against ETTWB

Given the biases of moisture convergence in JRA55 and 
MERRA2 reanalysis, only the total column water vapor 
and moisture convergence from ERA5 were used to cal-
culate ETAWB. Additionally, due to minimal differences 
among the various precipitation datasets, we merged four 

ETAWB time series derived from the ERA5’s total column 
water vapor and moisture convergence, and the four pre-
cipitation datasets by calculating their arithmetic average 
to obtain the ensemble mean ETAWB. In the subsequent 
sections, we focus solely on this ensemble mean ETAWB. 
For a comparison purpose, we also included three main-
stream long-term global ET products to see if ETAWB 
improves upon them.

Fig. 4   The spatial distribution of multi-year mean moisture convergence from a JRA55, b MERRA2, and c ERA5

Fig. 5   Same as Fig. 2 but for the ensemble mean ETAWB, ERA5, GLEAM, and SITH

Content courtesy of Springer Nature, terms of use apply. Rights reserved.
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We first evaluate the accuracy of ETAWB in the ET mag-
nitude against the ETTWB. As seen from Fig. 5a, the AWB 
approach is overall satisfactory in depicting the ET mag-
nitude with NSE, RB, and RMSE values of 0.88, 2%, and 
89.7 mm year−1, respectively. While the statistical metrics 
of ETAWB are somewhat worse than the ERA5, they are 
much better than two diagnostic remote sensing models—
GLEAM and SITH. In particular, the RB of ETAWB is solely 
2%, which is very close to ERA5 with 1.8%, and both are 
much less than those from GLEAM and SITH (− 8.2% and 
− 10.4%). This indicates that the AWB approach substan-
tially reduces the error in the ET estimates compared to the 
modeled ET.

From a spatial perspective, ETAWB slightly underestimates 
ET values in basins in the central United States and low- and 
mid-latitudes by 10–30%, but overestimates ET in North-
ern Eurasia basins by 10–20%. However, ERA5, GLEAM, 
and SITH significantly overestimate ET values by more 
than 50% over two Arctic basins in eastern Siberia includ-
ing Yenisy (Basin #36) and Lena (Basin #37). The larger 
errors in these basins may be attributed to the freeze–thaw 

processes at high latitudes, which directly affect soil water 
content, and in turn, influence the ET process (Niu & Yang, 
2006). The current process-based ET models do not effec-
tively incorporate the freeze–thaw process with available 
calibration data (e.g., subsurface ice), making accurate ET 
estimation in these specific regions particularly challenging. 
Additionally, the relative errors of ETAWB are within ± 10% 
in more than 30 out of 56 basins, which is also superior to 
GLEAM and SITH, both have no more than 20 basins with 
a relative bias under 10%.

We further evaluated the skills of the AWB approach in 
depicting the trends in annual ET rates from 1983 to 2016 
(Fig. 6). The evaluation indicates that, despite its accuracy 
in specific regions such as the Congo Basin (Basin #49, 50), 
Amazon (Basin #21), and western Europe (Basin #28, 30), 
the performance of ETAWB in describing the ET trends is 
inferior compared to the other three ET products. GLEAM 
demonstrates the highest skill in capturing ET trends, with 
an NSE value of 0.4, an RMSE value of 1.2, and a slope 
value of 0.59. However, the AWB approach, ERA5, and 
SITH similarly show negative NSE values when evaluating 

Fig. 6   Evaluation of the trends 
(1983–2016) in the annual ET 
estimates of ERA5, GLEAM, 
SITH, and ensemble mean 
ETAWB against the ETTWB 
values of 56 river basins glob-
ally. The numbers represent the 
basin ID in Fig. 1 and Table S1. 
RMSE is in mm year−2. The 
red line is the least-square-fitted 
first-order polynomial with its 
slope
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against the trends in ETTWB. These results suggest that cau-
tion should be exercised when using the AWB approach to 
derive the trends in ET on a global scale.

3.3 � Spatial and temporal variations in ET estimated 
by the AWB approach

Figure 7 presents the global distribution of the multi-year 
(1983–2020) mean annual ET estimated using the AWB 
approach. ETAWB shows the highest ET values in tropical 
regions (Amazon, Congo Basin, Maritime Continent, and 
Southeast Asia) around the equator (≥ 1200 mm year−1), 
and intermediate ET values in mid-latitude humid regions 
(600–1200 mm year−1). The lowest ET values are observed 
in permanent ice- and snow-covered regions of Greenland, 
desert, and arid regions (e.g., Sahara and central Asia) 
(≤ 200 mm year−1). Low ET values also occur in high alti-
tudes regions in mid- and low-latitudes, such as the Tibetan 

Plateau in Asia and the Rocky Mountains in South America. 
Because there is no precipitation data for Antarctica from 
CRU and GPCC (Figure S2), the ETAWB is missing in Ant-
arctica. Overall, the geographical distribution of annual ET 
values estimated by the AWB approach is in close agreement 
with the long-term mainstream ET products as illustrated 
in Figure S4 and other state-of-the-art global ET estimates 
derived using different methods (e.g., Ma et al. 2021; Mu 
et al. 2007; Tang et al. 2024; Zeng et al. 2014).

Figure 8 illustrates the annual anomalies of ETAWB, as 
well as the other three products over the period 1983–2020. 
It is shown that the interannual variations are gener-
ally within the range of the three long-term mainstream 
ET products, though there are anomalously low values 
in 1986 and 1987, and anomalously high values in 1998 
and 2000. The global multi-year annual mean ET values 
(excluding the Antarctica) estimated by AWB, ERA5, 
GLEAM, and SITH is 619 ± 8 mm year−1 (mean ± standard 

Fig. 7   Spatial pattern of the 
multi-year mean annual ET 
from 1983 to 2020 from the 
ensemble ETAWB (mm year−1)

Fig. 8   Annual anomalies of 
global averaged ET (excluding 
Antarctica) estimated from the 
AWB approach during 1983–
2020. The mean value plus the 
range of GLEAM, ERA5, and 
SITH are also specified (black 
solid line and gray shadow)
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deviation), 582 ± 5.7 mm year−1, 560 ± 6 mm year−1, and 
499 ± 8.4 mm year−1, respectively. The magnitude of the 
global mean annual ETAWB is within the range of the global 
average of 25 ET products and is close to their ensemble 
mean (628 ± 44 mm year−1) (Tang et al. 2024). The trend of 
the annual ETAWB from1983 to 2020 is 0.35 mm year−1, indi-
cating an increase of 2.1% over the last 38 years, which is 
generally consistent with previous studies (Kim et al. 2021; 
Ma et al. 2021) and also the ensemble mean of the other 
three products shown here (Fig. 8).

Figure 9 shows the spatial patterns of the linear trends in 
annual ET estimated by AWB across the world. In the North-
ern Hemisphere, annual ETAWB shows significant increas-
ing trends in the eastern United States, Sahara, southeastern 
China, and the Indochina Peninsula. However, significant 
decreasing trends occur in the western and northwestern 
United States. Significant increasing trends are also observed 
near the equator, including the Amazon, the Congo Basin, 
and the Maritime Continent. In the Southern Hemisphere, 
significant decreasing trends are observed in the southern 
section of the Cordillera, South Africa, and the central Aus-
tralian Plains. Indeed, there are some discrepancies in the 
distribution of linear trends among ETAWB and the other 

three products on a global scale (Figure S5). This was evi-
denced in the comparison of spatial–temporal patterns for 25 
global ET products by Tang et al., (2024), which indicates 
that the trends from different global ET products are not 
uniform on a global scale. Nevertheless, ETAWB offers a ref-
erence for the global ET spatial trends from the perspective 
of atmospheric water balance.

Figure 10 presents the spatial pattern of interannual 
variability in estimated annual ET from AWB. The inter-
annual variability of ETAWB is notably stronger in tropical 
regions (≥ 200 mm year−1), such as the Amazon, Congo 
Basin, Southeastern Asia, and the Maritime Continents. 
Intermediate interannual variability occurred in the eastern 
United States, South Africa, and southwestern China. The 
interannual variability of ET values tends to decrease with 
increasing latitudes in the Northern Hemisphere. The weak-
est interannual variability occurs in the Sahara and north-
ern Greenland. The extremely high interannual variability 
in ETAWB values in tropical regions may be attributed to 
the influence of independent variables, including precipita-
tion and atmospheric moisture convergence, on its estimates 
(Figure S6) (Yeh and Famiglietti 2008). Because precipi-
tation and moisture convergence are highly influenced by 

Fig. 9   Spatial pattern of the 
linear trends in ensemble ETAWB 
(mm year−1). Dotted regions 
indicate that linear trends are 
statistically significant at the 
95% confidence level

Fig. 10   Spatial distribution of 
interannual variability (standard 
deviation) of the ensemble 
mean ETAWB (mm year−1)
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atmospheric circulation and internal climate variability, 
such as the El Niño-Southern Oscillation (ENSO), the 
North Atlantic Oscillation (NAO), and the Indian Ocean 
Dipole (IOD) (Mo 2010; Shang et al. 2021; Yan et al. 2020; 
Yang et al. 2021). This limitation arises from the calcula-
tion of ETAWB solely from the atmospheric perspective, 
which neglects the influence of land surface processes. Yeh 
and Famiglietti, (2008) have demonstrated that the AWB 
approach using reanalysis data has the potential to estimate 
climatological ET variations but may not be suitable for 
diagnosing the interannual variability.

To illustrate the characteristics of ETAWB under various 
climate conditions, global land areas were categorized into 
five main types based on the Köppen climate system: tropi-
cal, dryland, temperate, continental, and polar and alpine 
zones (Beck et al., 2018) (Figure S7). The multi-year mean 
annual and seasonal cycles of ET values estimated by AWB 
are shown in Fig. 11. The multi-year mean annual ET values 
for the tropical, temperate, continental, dryland, and polar-
alpine zones are 1295 ± 38 mm year−1, 691 ± 11 mm year−1, 
80 ± 7 mm year−1, 447 ± 16 mm year−1, 168 ± 18 mm year−1, 
respectively (Fig. 11a). The magnitudes of ET in the conti-
nental and dryland zones are comparable. For the seasonal 
cycle of different climate zones estimated by ETAWB, mini-
mal seasonality is shown in the tropical, temperate, dryland, 
and polar-alpine zones. The tropical zone exhibits the high-
est magnitude (about 12 mm month−1) each month, which 
is characterized by hot and rainy conditions throughout the 
whole year. In contrast, the dryland and polar-alpine zones 
are characterized by consistently low ET all year. The tem-
perate zone is characterized by consistent precipitation 
and temperature throughout the year, also with relatively 
minor variations in ET across months. The continental 
zone, located entirely in the Northern Hemisphere, exhibits 

significant seasonal variations in ET, with high values in 
summer (June, July, and August) and low values in winter 
(November, December, and January). Overall, ETAWB effec-
tively captures the climate characteristics of various climate 
zones.

4 � Discussion

4.1 � Advantages and disadvantages of the AWB 
approach in global ET estimation

The atmospheric water balance (AWB) offers an effective 
framework for estimating ET using independent atmospheric 
data, without the need for input parameters related to soil 
and vegetation, thereby complementing water-balance-based 
ET estimates and enriching existing ET datasets. From a 
spatial perspective, reanalysis datasets combine in situ meas-
urements with state-of-the-art numerical models to provide 
the best possible analysis of the atmosphere. This offers a 
comprehensive record of global atmospheric circulations 
(Berrisford et al. 2011). By employing more refined rea-
nalysis with increased ground observations and advanced 
assimilation methods, such as the ERA5, the AWB approach 
provides a direct method to estimate ET on regional to 
global scales. In contrast, ET estimates derived from the 
TWB approach are limited in basin scales (Ramillien et al. 
2006; Zeng et al. 2014). From a temporal perspective, mod-
ern satellite observations since 1979, combined with global 
radiosonde observations since 1958 and atmospheric ana-
lyzing models, produce reanalysis data that is steady and 
time-continuous from 1979 to the present. This enables the 
long-term time series ET estimates based on the AWB. How-
ever, TWB-based ET estimates are generally restricted to 

Fig. 11   a Muti-year annual mean and b seasonal cycle of ETAWB, in the tropical zone, dryland zone, temperate zone, continental zone, and polar-
alpine zone during 1983–2020. The error bar in a represents the standard deviation of the annual ET values
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data available since 2002, due to the availability of terrestrial 
water storage data from GRACE. For instance, recently pub-
lished TWB-based ET estimates for global large river basins 
began in 2002 (Ma et al. 2024; Xiong et al. 2023).

It is known that ERA5 data also provides long-term 
global ET estimates from 1940 to the present, demonstrat-
ing relatively good performance (Fig. 5). However, it should 
be noted that ET and P in the ERA5 reanalysis are computed 
from physical schemes that are usually not fully connected 
to the assimilation-based atmospheric moisture budgets. 
Specifically, P and ET are calculated by a forecast model 
that is only initialized once with the assimilation model. 
While the vertically integrated horizontal moisture diver-
gence relies on detailed information about the variation in 
wind and humidity. Such measurements are usually derived 
from radiosondes observations. Consequently, if the simu-
lated rainfall does not agree with ground-based measure-
ments, the representation of moisture advection in the model 
is not necessarily wrong. Incorrect evapotranspiration can be 
compensated by an overestimation of precipitation, while 
the atmospheric moisture budget remains reasonable (Fig-
ure S8). Previous research has indicated that the precipita-
tion from ERA5 is overestimated in many regions globally 
(Lavers et al. 2022). Hence, the analysis increments lead to 
an imbalance in the atmospheric water budget. Cullather 
et al., (2000) have reported that P − E values from NCEP and 
ECMWF forecast fields are about 60% below those obtained 
from the atmospheric moisture budgets. Given this, the long-
term ET estimated based on the AWB in this study using 
observations including precipitation and moisture conver-
gence as much as possible to mitigate the imbalance between 
the net water flux (P-ET) and vertically integrated horizon-
tal moisture convergence in ERA5. Nevertheless, despite 
the AWB approach providing a direct and simple method to 
estimate long-term global ET values globally, poor quality 
in the representation of the surface process by reanalysis 
induces uncertainties (Builes-Jaramillo and Poveda 2018; 
Takacs et al. 2016).

4.2 � Limitations and outlook of the atmospheric 
water balance method

The study area significantly influences the applicability 
of the water balances, as demonstrated by our results. It is 
shown that the uncertainties of ETAWB are larger in tropi-
cal regions, which may be attributed to the lack of closure 
in the AWB, despite selecting four precipitation datasets in 
this study. Previous studies have reported that the AWB is 
not well represented in either the satellite data or reanalysis 
over tropical ocean regions, particularly in high-precipitation 
areas such as the Intertropical Convergence Zone (ITCZ) 
(Park et al. 2013; Trenberth and Smith 2005). It is much 
easier to estimate the water balance over land because of the 

availability and relatively low uncertainty of river flow data 
(Builes-Jaramillo and Poveda 2018). Additionally, although 
the AWB approach can overcome the limitations of TWB 
estimates for ET at basin scales and over short periods, it 
remains largely constrained by the scarcity of actual meas-
urements, such as precipitation and the transport of water 
vapor by winds (Deng et al. 2022; Ukhurebor et al. 2020). 
Precipitation, in particular, exhibits significant variance on 
small temporal and spatial scales that the current observed 
system cannot sample sufficiently (Bengtsson 2010). The 
largest differences between various precipitation data 
occurred in the Amazon and the Congo Basin, as well as 
the polar regions, while minimal differences are observed 
in temperate and continental regions. (Figure S2, Negrón 
Juárez et  al. 2009). Because temperate and continental 
zones, including the United States, Europe, and East Asia, 
have denser rainfall gauges and radiosonde observations 
compared to tropical and polar regions (Kidd et al. 2017).

The differences in ETAWB derived using moisture conver-
gence and atmospheric water vapor from various reanaly-
sis data are significant regardless of the precipitation data 
used, highlighting the critical importance of the accurate 
winds and specific humidity from reanalysis data for calcu-
lating the atmospheric water balance. In the present study, 
our results demonstrate that ERA5 exhibits superior per-
formance, aligning with previous research that highlights 
its higher accuracy compared to other reanalysis datasets 
(He et al. 2021; Tarek et al. 2020). Errors and uncertain-
ties among different reanalysis datasets can be attributed 
to shortcomings in interpolation algorithms and the param-
eterization of diverse hydro-meteorological processes within 
various reanalysis products (Takacs et al. 2016). Specifically, 
reanalysis-predicted wind speeds often exhibit significant 
uncertainties and bias when compared to measured winds 
(Gualtieri 2022; Rose and Apt 2016; Torralba et al. 2017; 
Wu et al. 2024). Previous studies have indicated that rea-
nalysis data, especially ERA5, are sufficiently reliable for 
predicting wind resources in offshore and flat onshore loca-
tions, whereas uncertainties are more profound in mountain-
ous and coastal regions (Gualtieri 2022). Therefore, the use 
of higher-resolution regional products is recommended in 
these areas.

5 � Conclusions

In this study, global monthly ET over 1983–2020 was cal-
culated using the atmospheric water balance method, which 
requires three variables including moisture convergence, 
atmospheric water vapor, and precipitation. Here, the former 
two variables were from three reanalysis datasets (ERA5, 
JRA55, MERRA2), while the last variable came from four 
observation-based datasets (CRU, GPCC, GPCP, MSWEP). 
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Validations against the ETTWB of 56 river basins indicate that 
the accuracy of ETAWB primarily depends on the reanalysis 
data employed. ETAWB derived from ERA5 demonstrates 
notably higher accuracy compared to those from JRA55 and 
MERRA2, regardless of the precipitation dataset employed. 
The large errors in the latter two are attributed to biases in 
the calculation of atmospheric moisture convergence using 
JRA55 and MERRA2.

The four ETAWB estimates using the moisture conver-
gence and atmospheric water vapor from ERA5 only and 
four precipitation datasets were merged to produce an 
ensemble mean ETAWB dataset. Validations against the 
ETTWB suggest that ETAWB is more accurate than GLEAM 
and SITH in depicting the magnitude of ET, but its skill 
in depicting ET trends remains inferior. The 38-year mean 
global-averaged ET value estimated by the AWB approach 
is 619 ± 8 mm year−1 (excluding Antarctica). Across the 
global land, ETAWB increased significantly with a trend of 
0.35 mm year−1 (p < 0.01) during the period from 1983 to 
2020. This corresponds to a 2.1% increase in global land 
ET over the past 38 years. The interannual variability is 
extremely strong in tropical regions due to the influence of 
internal climate variability on atmospheric moisture conver-
gence and precipitation. The AWB-based ET estimates pro-
vide a valuable complementary picture for understanding the 
global ET process. Nevertheless, future efforts should incor-
porate more accurate ground observations and advanced data 
assimilation algorithms to further improve the accuracy of 
ETAWB.
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