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Abstract.

Accurate and timely information on global terrestrial actual evapotranspiration (ET) is crucial in
agriculture, water resource management and drought forecasting in a changing climate. While numerous
satellite-based ET products have been developed in recent decades, few provide near-real-time global
terrestrial ET estimates. The MOD16 ET dataset, currently updating at the fastest rate, still experiences
a delay of over two weeks. This is because most satellite-based ET algorithms rely on meteorological
data from land surface models or in situ measurements, which cannot be obtained in near-real-time,
resulting in delays of more than two weeks. To expedite global ET data access, we developed the
Moderate Resolution Imaging Spectroradiometer (MODIS) based Variation of Standard
Evapotranspiration Algorithm (VISEA) to provide global daily ET data within a week of the actual
measurements at a spatial resolution of 0.05°. The VISEA model incorporates several key components:
(1) A vegetation index (VI)-temperature (Ts) triangle method to simulate air temperature (Ta), serves as
a basis for calculating other meteorological parameters (e.g., water vapor deficit and wind speed); (2) A
daily evaporation fraction (EF) method based on the decoupling parameter, converts satellite-based
instantaneous observations into daily ET estimates; (3) A net radiation calculation program takes into
account cloud coverage in the atmosphere's downward longwave radiation. The VISEA model is driven
by shortwave radiation from the European Centre for Medium-range Weather Forecasts (ERA5-Land)
and MODIS land products, e.g., surface reflectance, land surface temperature/emissivity, land cover
products), vegetation indices, and albedo as inputs. To assess its accuracy, we compared VISEA-with
measurements from 149 flux towers, five other satellite-based global ET products, and precipitation data
from the Global Precipitation Climatology Centre (GPCC). The evaluations show that the near-real-time
ET using VISEA performs with similar accuracy to other existing data products and offers a significantly
shorter time frame for daily data availability. Over 12 landcover types, the mean R is about 0.6 with an
RMSE of 1.4 mm day* at a daily scale. Furthermore, the consistent spatial patterns of multi-year average
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VISEA align closely with GPCC precipitation data, reaffirming the dataset's ability to accurately
represent global terrestrial ET distribution. To emphasize the capabilities of the VISEA for drought
monitoring, we analyzed the spatial and temporal variations of ET during a drought event and subsequent
recovery with precipitation in the Yangtze River basin from August 28" to September 1%, 2022. The
VISEA distinctly illustrated low ET levels (<0.2 mm day™) across most areas of the Yangtze River Basin
on August 28th, indicating the severity of the drought. Conversely, a noticeable increase in ET (>0.9 mm
day™) is observed on August 29", signifying the retreat of the drought due to precipitation. The near-real-
time global daily terrestrial ET estimates could be valuable for meteorology and hydrology applications
requiring real-time data, particularly in coordinating relief efforts during droughts. The VISEA code and
dataset are available at https://doi.org/10.11888/Terre.tpdc.300782 (Huang et al., 2023a).

1 Introduction

Global terrestrial evapotranspiration (ET) is a vital component of the Earth's water cycle and energy
budget. It includes evaporation from the soil and water surfaces (some studies also consider evaporation
from the intercepted precipitation in canopies) and plant transpiration (Zhang et al., 2021; He et al., 2022).
Accurate and timely estimation of ET is essential for quantitatively assessing changes in the water cycle
under climate change, vigilant monitoring drought, and effectively managing and allocating water
resources (Su et al., 2020; Han et al., 2021; Aschonitis et al., 2022).

While near-real-time ET estimation from climate models is widely used to assess and predict ET
changes in the global water cycle under different weather conditions (Copernicus Climate Change
Service, 2020), these models often have limited spatial resolutions, making them less effective for
assessing drought conditions and optimizing water allocation. On the other hand, obtaining highly
accurate, near-real-time, or real-time ET measurements through local eddy covariance or lysimeter
methods can be very valuable (Awada et al., 2022), but collecting large-scale ET data using this

equipment proves to be quite challenging (Barrios et al., 2015; Tang et al., 2009).

Remote sensing presents a promising method for near-real-time estimation of global terrestrial ET
by offering timely observed land surface data. Several satellite-based ET datasets have emerged in recent
decades, each utilizing different algorithms such as the Penman-Monteith-based ET products like MODIS
ET (MOD16), developed by Mu et al. (2007, 2011), the Advanced Very High Resolution Radiometer
(AVHRR) ET by Zhang et al. (2006, 2009), and the Penman-Monteith-Leuning Evapotranspiration V2
(PML_V2, or simply PML) developed by Zhang et al. (2019, 2022). In addition, the Global Bio-
Atmosphere Flux (GBAF, also known as FluxCom) uses a machine learning approach with data from
flux towers, meteorology, and hydrology, published by Jung et al. (2009, 2010, 2019). Finally, the
Priestley—Taylor equation-based Global Land Evaporation Amsterdam Model (GLEAM) ET was
developed by Miralles et al. (2011b) and Martens et al. (2017). While these satellite-based global ET
products yield reasonable estimations, they cannot provide near-real-time ET estimates. Despite the
ongoing rapid updates of the MOD16 ET dataset, it still encounters a delay exceeding two weeks.
Additionally, AVHRR ET spans from 1983 to 2006, PML ET covers the period from 2002 to 2019,
GBAF covers from 2001 to 2015, and GLEAM ET extends from 2003 to 2020. Notably, the four later
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ET products exhibit data gaps exceeding one year, posing challenges for near-real-time estimation.
Additionally, NASA's ECOsystem Spaceborne Thermal Radiometer Experiment on Space Station
(ECOSTRESS) intends to deliver global-scale ET estimation (Fisher et al., 2020). Unfortunately, as of
now, the data from ECOSTRESS have not been published. This data gap means there is still a lack of
satellite-based global near-real-time ET estimation.

The Variation of the Moderate Resolution Imaging Spectroradiometer Standard Evapotranspiration
Algorithm (VISEA) was introduced by Tang et al. (2009), which was designed for the near-real-time
monitoring of crop consumption at the basin scale. Huang et al. (2017) examined its reliability by
conducting a comprehensive assessment comparing its ET values with flux tower measurements and
other gridded ET datasets across various scales in China. Subsequently, to improve the model, a
decoupling parameter for daily evaporation fraction (EF) was introduced (Huang et al., 2021), and the
atmospheric emissivity and cloud coverage in the daily net radiation calculation was included (Huang et
al., 2023b). Global terrestrial application and evaluation of the developed VISEA algorithm have not
been conducted so far. In this study, we employ this VISEA algorithm along with MODIS surface
reflectance (MODO9CMG) (Vermote, 2015), land surface temperature/emissivity (MOD11C1) (Wan et
al., 2015), land cover products (MCD12C1) (Friedl & Sulla-Menashe, 2015), vegetation indices
(MOD13C1) (Didan, 2015), albedo (MCD43C3) (Schaaf & Wang 2015), and hourly shortwave radiation
from ECMWF ERA5-Land (Sabater, 2019) to provide global daily ET estimates from 2001 to 2022.

The performance of VISEA was evaluated with data from meteorological instruments and eddy
covariance measurements at 149 flux towers of FLUXNET (Pastorello et al., 2020). We assessed the
spatial distribution averages of VISEA by comparing its multi-year average with established ET datasets
GLEAM (Martens et al., 2017; Miralles et al., 2011), GBAF (Jung et al., 2009, 2010, 2018), AVHRR
(Zhang et al., 2009, 2010), MOD16 (Mu et al., 2007, 2011), PML (Zhang et al., 2019, 2022) and
precipitation data from the Global Precipitation Climatology Centre (GPCC) (Udo et al., 2011).

2. Methods
2.1 Description of the VISEA algorithm

VISEA, short for the Variation of the Moderate Resolution Imaging Spectroradiometer Standard
Evapotranspiration Algorithm, is a modification of the MODIS standard Evapotranspiration (ET)
algorithm. The original MODIS algorithm, created by Mu et al. (2007 and 2011), is based on the Penman-
Monteith method. VISEA introduces two significant modifications. First, it employs the VVegetation (V1)-
Temperature (Ts) Triangle method, originally developed by Nishida et al. (2003), to estimate air
temperature. Second, VISEA incorporates hourly data on shortwave downward radiation from the ERA5-
Land dataset to calculate daily average energy. These two advancements enable VISEA to estimate large-
scale ET without needing local measurements as supplementary data.

Unlike energy budget-based ET algorithms (such as SEBS, METRIC, and Alexi) that rely on

the direct use of thermal information, VISEA estimates ET using the Penman-Monteith equation, placing
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it in a different category of satellite-based global ET products currently in use. VISEA is a two-source
model, which means the ET in one grid cell was separated as the transpiration from full vegetation cover
and the evaporation from bare soil surface if energy transfer from the vegetation to the soil surface was
ignored (Nishida et al., 2003), i.e.,

ET = fvegETveg + (1 - fveg)ETsoil (1)

where the subscript "veg" means full vegetation cover and the subscript "soil" indicates the soil exposed
to solar radiation (called bare soil); ET,, is the transpiration from full vegetation cover area (W m),
ET,,; is the evaporation from bare soil (W m™), f,.. is the portion of the area with the vegetation cover,

which can be calculated by Normalized Difference Vegetation Index, NDVI (Tang et al., 2009):
NDVI-NDVImin

h veg = NDVIyax—NDVIpin @
where the NDV1 is the Normalized Difference Vegetation Index and can be calculated as:
NDVI = Rnir—Rred (3)

RnirtRred

where NDV1I,,;, is the NDVI of the bare soil without plants and NDVI,,,, is the NDVI of the full
vegetation cover, R,;,. is the near-infrared reflectance and R,.4 is the red reflectance. The daily
reflectance R,;, and R,..q were measured by MODIS reflectance data MODO9CMG (Fig. 1). Based on
Tang et al. (2009), we set NDVI,,;, = 0.22 and NDVI,,,, = 0.83. Missing observation for the daily
MODOQO9CMG calculated NDVI data was filled with the 16-day averaged NDVI values in the
MOD13Q1data product (Fig. 1).

The available energy Q (W m), which is the sum of the latent heat flux and sensible heat flux (also
known as the net radiation minus soil heat flux) is also separated into the available energy for vegetation
transpiration, Queq (W m?) and Q,,;; (W m?) for bare soil evaporation, which was expressed by Nishida
et al. (2003) as:

Q = foegQueg T (1 = freg)Qsour 4)

As satellites like Terra and Aqua provide instantaneous snapshot observations of the Earth only once
a day, a temporal scaling method is needed to convert instantaneous measurements into daily ET values.

Nishida et al. (2003) used satellite-based noon time instantaneous evaporation fraction (EF), defined as

the ratio of latent heat flux (ET) to available energy as daily EF (EF = ), multiplied the daily Q to
Q

calculated daily ET based on the assumption that EF is constant over a day
ET = EF Q (5)

In the next section, we will detail how VISEA calculates the daily EF, and Q in Equation (5), and also
daily air and land surface temperatures.
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2.1.1 Daily evaporation fraction calculation
Combining Eqg. 1 and 4, we fist calculated the instantaneous evaporation fraction, EF¢ as:

i @ i %ot i
EF' = fveg% EFvLeg +(1- fveg)?‘l E sloil (6)

where the superscript i stands for the instantaneous value of the parameter, EF),; and EF!; are the
instantaneous full vegetation coverage and bare soil EF, respectively. EFL, can be expressed as a

function of instantaneously parameters as ( Nishida et al., 2003):
i a Al

EFveg - Ai+V(1+Téveg/ZT¢$.veg) (7)
where a is the Priestley-Taylor parameter, which was set to 1.26 for wet surfaces (De Bruin, 1983); Al is
the slope of the saturated vapor pressure, which is a function of the temperature (Pa K); y is the
psychometric constant (Pa K); 7, is the instantaneous surface resistance of the vegetation canopy (s

m1); veg 15 the instantaneous aerodynamics resistance of the vegetation canopy (s m™). EF!,; was

oil

expressed by Nishida et al. (2003) as a function of the instantaneous soil temperature and the available
energy based on the energy budget of the bare soil:

i i i
EFi = Tsoitmax—Tsoit 9soilo (8)
soil ™ i i Qi i
soilmax™"a soil

where T’ max 1S the instantaneous maximum possible temperature at the surface reached when the land
surface is dry (K), T, is the instantaneous temperature of the bare soil (K), T/ is the instantaneous air

temperature, Q' is the instantaneous available energy when T, is equal to T} (W m?).

As the assumption of EFi = EF¢ caused 10%-30% underestimation of daily ET (Huang et al.,
2017; Yang et al., 2013), we introduced a decoupling parameter to covert EF into EF® following the
algorithm of Tang et al. (2017a, 2017b). This new decoupling parameter-based evaporation faction is

developed from Penman-Monteith and McNaughton-Jarvis mathematical equations:

A% Alyy @ od
S o ©)

EFY=EF! 4 :
Adty Al rd i

where superscript "d" means daily; the EF is the instantaneous evaporation fraction; Q is the decoupling
factor that represents the relative contribution of radiative and aerodynamic terms to the overall
evapotranspiration (Tang and Li, 2017), ©2; is the value of the decoupling factor, Q, for wet surfaces.

According to Pereira (2004), Q and 2* can be expressed as:

Q=157 (10)

A+yrq

1
R 11)
1+A+)fy :a

*

_ (A+y)pCpVPD

Ay (Rn—=G) (12)
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where 7, is the surface resistance (s m™); r, is the aerodynamic resistance (s m); the calculation details
of instantaneous and daily 7, and r, for vegetation and soil are explained in Appendix A. r* is the critical
surface resistance when the actual evapotranspiration equals the potential evaporation (called equilibrium
evapotranspiration, s m); p is the air density (kg m=); C, is the specific heat of the air (J kg* K*); VPD

is the vapor pressure deficit of the air (Pa). A is the slope of the saturated vapor pressure (Pa K1),

For full vegetation-covered areas, EF, is expressed as:

a Al A% Alyy 03 0
EFd —__ @& __Vﬂﬂ (13)
veg ; rt Adty AL o
A‘+y(1+ c_veg) veg veg
Zrhueg

For bare soil, EF3, is:

i Ad
EFd — sollmax soLl QSOLZO ( Al"’ynsozl ﬂsml (14)
soil — Ti _ri Ay Al g*d b
soil max a Qsol 14 soil ““soil

Thus, EF® is expressed as:

Qe o
EF? = foeg g1 L EFf +(1- freg) =5 b EFdoy (15)

2.1.2 Daily calculation of available energy Q,‘}eg and Q%
The daily available energy Q (W m) for the vegetation and the bare soil surface is calculated by
the energy balance equation:

Ry—G=Q (16)

where R,, is the net radiation (W m-2), which could be calculated by the land surface energy balance; G
is the soil heat flux (W m). (G=0 on a daily basis),

R% = (1 — albedo®)RY — e26TE&* + (1 + Cloud?)elo TE* a7

where albedo? is the daily albedo of the soil surface; RS is daily incoming shortwave radiation (W m?);
e and 2 are the daily emissivity of land surface and atmosphere (Brutsaert, 1975; Wang and Dickinson,
2013; details are presented in Appendix B ), €& can be retried by MOD11C1; o is the Stefan-Boltzmann

constant; TZ is the daily near surface air temperature (K); T is the daily surface temperature (K).

For the downward longwave radiation, we account for the influence of clouds by assuming a linear

correlation between downward longwave radiation and cloud coverage:

Cloud = (1 - K,) (18)
d
Ke= 24 (19)

Open Access

Earth System
Science

Data

suoIssnoasiq



https://doi.org/10.5194/essd-2023-495
Preprint. Discussion started: 10 January 2024
(© Author(s) 2024. CC BY 4.0 License.

207
208

209
210
211

212

213

214
215
216
217
218
219

220

221

222

Cloud® is derived from the clearness index K, (Chang and Zhang, 2019; Goforth et al., 2002). R¢ is the
daily extraterrestrial radiation calculated by the FAO (1998).

According to Huang et al. (2021), Qi can be calculated by assuming as T = T according to the
VI-Ts method which implies that the minimum land surface temperature occurs in fully vegetated grid

cells and is equivalent to T
Qg = (1 — albedo®RS + (1 + Cloud®)efo T¢* — efoTi* (20)
Q% = (1—Ce)(1 — albedo®)R% + (1 + Cloud®)eldo TE* — edoTE* (21)

Thus, (1 + Cloud®)ela T¢* is the daily downward longwave radiation (W m?), and e4aT2* is the
daily upward longwave radiation (W m-2), where C; is an empirical coefficient ranging from 0.3 for a
wet soil to 0.5 for a dry soil (Idso et al., 1975).

Following the study of Huang et al. (2021), the daily ET¢ can be calculated by the daily EF¢ and

Q% as:
ET? = EF4Q4 (22)

Figure 1 illustrates the workflow of VISEA.
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2.1.3 The calculation of daily air temperature, T¢ and surface temperature, T¢

Daily air temperature, T Is a critical parameter in the VISEA algorithm, used in calculations for
downward longwave radiation, daily aerodynamic resistance, and surface resistance. The key innovation
in calculating T, involves employing the VI-Ts method to estimate instantaneous air temperature, T;:
during the daytime. For nighttime periods, it is assumed that air temperature is equivalent to the nighttime
land surface temperature provided by MOD11C1. These two temperature estimates are then extended
into hourly air temperature profiles using a sine-cosine fitting curve. The 24-hour average of T} is used
as TZ. Similarly, T2 is calculated using MOD11C1 land surface temperature data for both daytime and
nighttime. These estimates are extended into hourly surface temperature profiles using a similar sine-

cosine fitting curve, and the daily average of T¢ is determined (Huang et al., 2021).

A key advance of this VISEA algorithm is the application of the VI-Ts method to calculate Ty ;; yax
and T,/ (Huang et al., 2017; Nishida et al., 2003; Tang et al., 2009). The VI-Ts method is based on the
empirical linear relationship between the vegetation index (VI), typically calculated by NDVI, and land
surface temperature (Ts). When plotted on a two-dimensional scatter plot, VI and Ts generally form a
trapezoid or triangular shape. In these plots, regions with low VI and high Ts values constitute the "warm
edge," while areas with high V1 and low Ts values form the "cold edge." Using simple linear interpolation,
Ts values corresponding to any given VI between the "warm edge" and the “cold edge" can be determined.
AssumingT, = T, for cases where the highest VI corresponds to the lowest Ts, we can calculate T,

Similarly, T, may Can be easily calculated since it corresponds to the lowest V1.

This VI-Ts method allows for the estimation of T, and T\, ,,, Without the need for additional
meteorological data. However, it's worth noting that some studies have found that the VI-Ts method may
not consistently provide satisfactory results, especially in colder regions where vegetation thrives better

under higher temperatures.

2.2 Technical validation

The correlation coefficient, Root Mean Square Error (RMSE) and Nash-Sutcliffe efficiency coefficient
are used to evaluate our global daily ET estimates with eddy covariance measurements and compared
with the other five independent global ET products on a monthly scale.

The correlation coefficient R is calculated as:

_ _IU-R-h)
T IE-RPI-n)? (23)

R is the correlation coefficient; X is the estimated variable; X is the average of X; Y is the observed

variable; Y is the average of Y.

The Root Mean Square Error (RMSE) is calculated as:

 Ney._v.y2
RMSE = [H=T0 (24)
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For a more nuanced understanding of the Root Mean Square Error (RMSE), we have deconstructed
it into two distinct components: RMSEs (systematic RMSE) and RMSEu (unsystematic RMSE). This
breakdown allows a more detailed examination of the systematic and unsystematic sources contributing

to the overall error metric.

The systematic Root Mean Square Error (RMSES) is calculated as:

Nez.—y.:
RMSEs = |Zi=mZ¥i)” (25)
N

The unsystematic Root Mean Square Error (RMSEu) is calculated as:

TN Zi=Xi)?
N

RMSEu = (26)

Where Z; = a + bY;, where a and b are the least squares regression coefficients of the estimated variable

X; and observed variable Y;, N is the sample size (Norman et al., 1995).

The Nash-Sutcliffe efficiency coefficient (NSE)

_ 4 E&xi—vp?
NSE = 1- 280 @n

The ratio of the standard deviations of X and Y

. X P
Ratio = ZStandard Deviation 8)

Ystandard Deviation

The Bias of X and Y

Bias= X -Y (29)
2.3 The gap-filling of MODIS data

MODIS sensors on board of Terra and Aqua observe the Earth twice a day. However, there are
always data gaps in the MODIS land products because of cloud cover problems. In the VISEA algorithm,
we used the neighboring days’ available data to fill the data gaps. According to the study of Tang et al.
(2009), the cloud gaps don’t reduce the accuracy of this algorithm significantly.

3. Data

3.1 The input data

The input data including the MODIS land products: daily 0.05° surface reflectance (MOD0O9CMG),
land surface temperature/emissivity (MOD11C1) and albedo (MCD43C3), 8-day 0.05° vegetation
indices (MOD13C1) and yearly 0.05° land cover products (MCD12C1). We also used hourly downward

surface solar radiation from the Fifth Generation of the European Centre for Medium-Range Weather

10
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Forecasts (ECMWF) Reanalysis (ERAS5), “ERA5-Land hourly data from 1950 to present” data as energy
input of VISEA algorithm. The surface solar radiation data from ERA5-Land and land data products from
MODIS land products are both near-real-time datasets with a one-week delay, enabling VISEA to provide
global near-real-time ET estimations. Details of the input data, their download links, variable names, used
parameters, spatial and temporal resolution are given in Table 1.

Table 1. The input of VISEA

The input of VISEA
Data source Data name Used parameter Spatial/temporal
resolution
MODIS Land MODI11C1 Land Surface Temperature 0.05°/ daily
Product MOD0ICMG Surface Reflectance 0.05%/daily
MCD43C3 Albedo 0.05°/daily
MOD13C1 NDVI 0.05°/16-day
MCDI12C1 Land cover 0.05°/ yearly
ERAS-Land Downward surface solar radiation 0.1°/ hourly
hourly data Rd

3.2 The evaluation data

3.2.1 The flux tower measurements from FLUXNET

We evaluated the accuracy of daily averaged ERA5-Land shortwave radiation, VISEA estimated daily
net radiation, air temperature and ET by comparing them with measurements from FLUXNET2015 flux
towers FLUXNET2015: CC-BY-4.0 (Pastorello et al., 2020) (https://fluxnet.org/data/download-data/).
we compared its results with measurements obtained from FLUXNET2015: CC-BY-4.0 15, which can
be accessed at https://fluxnet.org/data/download-data/. While there are records from a total of 212 flux
towers in our datasets, not all of them met our stringent inclusion criteria. Each site needed to fulfill three
specific requirements to be included in our analysis: (1) availability of data for the period spanning from
2001 to 2015; (2) ERA5-Land downward shortwave radiation greater than 0 within the 0.1° x 0.1° grid
cell corresponding to the flux tower's location; (3) conformity with MODIS land cover data (MOD12C1)
at the 0.05° x 0.05° grid cell level, ensuring that the flux tower was situated on land rather than over the

ocean.

As aresult, our study incorporates data from a carefully selected subset of 149 flux towers that met
these stringent criteria. This approach ensures the reliability and relevance of our analysis. The
distribution of these 149 flux towers is presented in Figure 2. Supplementary Table S1 shows the
longitude, latitude, elevation, and land cover type (classified by the International Geosphere-Biosphere
Programme, IGBP) of these sites. The 149 sites covered 12 IGBP land cover types: 18 croplands (CRO),
1 closed shrublands (CSH), 15 deciduous broadleaf forests (DBF), 1 deciduous needle leaf forest (DNF),
10 evergreen broadleaf forests (EBF), 34 evergreen needle leaf forests (ENF), 30 grasslands (GRA), 5
mixed forests (MF), 8 open shrublands (OSH), 8 savannas (SAV), 13 wetlands (WET), and 6 woody
savannas (WSA).
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3.2.2 The other gridded ET and precipitation products

We also used five independent globally gridded ET and one precipitation products for VISEA estimated
ET’s comparison. The five ET products include two MODIS-based ET products: MOD16 (Mu et al.,
2007, 2011) and Penman-Monteith-Leuning Evapotranspiration V2 (PML) (Zhang et al., 2019, 2022),
one AVHRR-based AVHRR ET (Zhang et al., 2009, 2010), one machine learning algorithm output, the
Global Bio-Atmosphere Flux (GBAF) (Jung et al., 2009, 2010, 2018, 2019) and one multiple-satellites
data based Global Land Evaporation Amsterdam Model (GLEAM) ET (Martens et al., 2017; Miralles et
al., 2011). The precipitation data was from the Global Precipitation Climatology Centre (GPCC), which
is based on local measurements (Schneider et al., 2014, 2017; Becker et al., 2013) and Global Unified
Gauge-Based Analysis of Daily Precipitation (GPC). Details of these five ET products and the
precipitation data are given in Table 2. To maintain the consistency in temporal and spatial resolution for
comparison purposes, we obtained monthly MOD16 and PML, despite their original temporal resolution
of 8 days and used the 0.05°x0.05° version of MOD16, AVHRR ET and PML.

Table 2. The five global girded ET products and one precipitation product used for comparison with our
near-real-time global daily terrestrial ET estimates.

Product Spatial/Temporal Time period Theory
name resolution
GLEAM 0.25°/Monthly 2002-2019 Priestly-Taylor Equation
GBAF 0.5°/Monthly 2001-2008 Machine learning
MOD16 0.05°/8-day 2001-2013 Penman-Monteith Equation
AVHRR 1°/Monthly 2001-2006 Improved Penman-Monteith Equation
PML 0.05°/8-day 2003-2018 Penman-Monteith Equation and a diagnostic
biophysical model
GPCC 0.25°/Monthly 2001-2019 in-situ observations
GPC 0.5°/Daily 08/28/2022- Global Unified Gauge-Based Analysis of Daily
09/01/2022 Precipitation
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Figure 2. The distribution of 149 flux towers from FLUXNET in different IGBP land cover types,
specifically OW (Water bodies), ENF (Evergreen needle leaf forests), EBF (Evergreen broadleaf forests),
DNF (Deciduous needle leaf forests), DBF (Deciduous broadleaf forests), MF (Mixed forests), CSH
(Closed shrublands), OSH (Open shrublands), WSA (Woody savannas), SAV (Savannas), GRA
(Grasslands), WET (Permanent wetlands), CRO (Croplands), UB (Urban and built-up lands), CVM
(Cropland/natural vegetation mosaics), SI (Snow and ice), BAR (Barren).

4, Results

In our initial analysis, we juxtaposed downward solar radiation input data from ERA5-Land
(ERA5_Rd) with measurements obtained from 149 flux towers (Obv_Rd) across diverse IGBP land cover
types, as illustrated in Figure 3. The results indicate a commendable agreement between ERA5_Rd and
Obv_Rd measurements for the majority of land covers, with notable exceptions observed in savanna
(SAV). Specifically, the mean Nash-Sutcliffe Efficiency (NSE) stands at 0.84, the mean correlation
coefficient (R) at 0.92, and the mean Root Mean Square Error (RMSE) at 38.3 W m2. This comparative

analysis offers helpful insights into the performance of ERAS5_Rd across different land cover categories.

In Figure 3, ERA5_Rd exhibits optimal performance in DNF and MF, reflected by NSE and R values
surpassing 0.9. In these land covers, the mean RMSESs stand at 11 W m, mean RMSEu at 24.5 W m?2,
and mean RMSE at 26.9 W m2, However, its performance in SAV is notably subpar, characterized by
an NSE of 0.29, an R of 0.59, highest RMSEs of 40 W m'2, RMSEu of 48.9 W m, and RMSE of 63.2
W m=2, For ERA5_Rd, the mean RMSEs amount to 16 W m?, and the mean RMSEu is 34.8 W m?,
suggesting that ERA5_Rd demonstrates high accuracy by effectively capturing the systematic variation
in Obv_Rd, as indicated by its relatively low RMSEs and RMSEu close to RMSE (Willmott et al., 1981)

in most land covers, except for SAV.
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Figure 3. The scatter plot of downward solar radiation from ERA5-Land (ERA5_Rd) compared
with local instruments measurements (Obv_Rd) under 12 IGBP land cover types: CRO (Croplands), CSH
(Closed shrublands), DBF (Deciduous broadleaf forests), DNF (Deciduous needle leaf forests), EBF
(Evergreen broadleaf forests), ENF (Evergreen needle leaf forests), GRA (Grasslands), MF (Mixed
forests), OSH (Open shrublands), SAV (Savannas), WSA (Woody savannas), WET (Permanent
wetlands). The red dotted line is the 1:1 line. N is the number of data points, NSE is Nash-Sutcliffe
Efficiency, R is correlation coefficients, RMSE is Root Mean Square Error, RMSEs is systematic RMSE,
and RMSEu is unsystematic RMSE.

Several factors come into play in understanding the disparities in performance in downward solar
radiation of ERA5 (ERA5_Rd) across different land cover types. In regions characterized by denser
forests, such as DNF and MF, ERA5_Rd's superior performance may be attributed to the lower density
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of ground-based meteorology stations (DNF, N = 1096) and the relatively uniform subsurface and canopy
coverage in MF, facilitating a more accurate representation in the ERAS radiative transfer model.
Conversely, savannas present unique challenges due to sparse vegetation and flat terrain, influencing
sunlight transmission dynamics (YYang and Friedl, 2003). Land-use changes, including farming and urban
development, further complicate the accuracy of sunlight transmission (Wang et al., 2014; Zhang et al.,
2022). Additionally, factors like aerosols from natural or anthropogenic sources contribute to data
variations (Naud et al., 2014; Wang et al., 2021). The inaccuracies in accounting for the rainy season,
leading to increased cloud cover and rainfall in savannas, contribute to ERA5_Rd's limitations (Jiang et
al., 2020).

Figure 4 depicts scatter plots illustrating the comparison between the estimated air temperature using
the VI-Ts method (VISEA_Ta) and local meteorological measurements (Obv_Ta). The analysis reveals
that VISEA_Ta generally aligns with Obv_Ta, exhibiting NSE values ranging from -0.22 (MF) to 0.82
(OSH), R values ranging from 0.44 (MF) to 0.97 (DNF), and RMSE values ranging from 5.7 K (WSA)
to 11.2 K (MF). Particularly noteworthy is VISEA_Ta's outstanding performance at OSH (NSE = 0.82,
R = 0.93, RMSE = 6.6 K), WSA (NSE = 0.79, R = 0.92, RMSE = 5.7 K) and GRA (NSE = 0.66, R =
0.88, RMSE = 6.8 K).

Conversely, its least satisfactory performance is evident at MF (NSE = -0.22, R = 0.44, RMSE =
11.2 K), SAV (NSE =-0.19, R = 0.57, RMSE = 6.4 K), and CRO (NSE = 0.26, R = 0.70, RMSE = 8.1
K). The RMSEs are lower than RMSEu in most land cover sites, except in DNF. Despite VISEA _Ta
displaying a high NSE of 0.8 and R of 0.97 at DNF, it exhibits higher RMSEs (8.3 K) compared to
RMSEu (5.4 K), indicating a systematic underestimation of VISEA_Ta at DNF.

As detailed in Section 2.4, the VI-Ts method relies on a negative correlation between vegetation
coverage (V1) and land surface temperature (Ts), ideally suited for cases with significant VI and Ts
differences. However, for land cover types like DNF and MF situated in temperate regions with distinct
seasons and cool to cold climates, the assumed negative correlation breaks down. In these regions, the
positive correlation between VI and Ts, driven by vegetation growth proportional to rising Ts, results in
the failure of the VI-Ts method. The challenges persist in SAV, where the VI-Ts method encounters
difficulties during both dry and wet seasons. In the dry season, the method falters due to the prevalence
of bare soil, resulting in VI values approaching zero and homogeneous high Ts values. Conversely, the
wet season presents challenges with both VI and Ts exhibiting relatively high values and limited
variances between grid cells, ultimately undermining the accuracy of VISEA_Ta estimation.
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Figure 4. The scatter plot of daily air temperature simulated by VISEA (VISEA_Ta) compared with local
instruments measurements (Obv_Ta) under 12 IGBP land cover types: CRO (Croplands), CSH (Closed
shrublands), DBF (Deciduous broadleaf forests), DNF (Deciduous needle leaf forests), EBF (Evergreen
broadleaf forests), ENF (Evergreen needle leaf forests), GRA (Grasslands), MF (Mixed forests), OSH
(Open shrublands), SAV (Savannas), WSA (Woody savannas), WET (Permanent wetlands). The red
dotted line is the 1:1 line. N is the number of data points, NSE is Nash-Sutcliffe Efficiency, R is
correlation coefficients, RMSE is Root Mean Square Error, RMSEs is systematic RMSE, and RMSEu is
unsystematic RMSE.

The simulated daily net radiation (VISEA_Rn) from VISEA is assessed against local meteorological
measurements (Obv_Rn) in Figure 5. In contrast to the satisfactory performance of ERA5_Rd in Figure
3, VISEA_Rn exhibits more notable discrepancies, characterized by significant underestimation
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Figure 5. The scatter plot of daily net radiation simulated by VISEA (VISEA_Rn) compared with local
instruments measurements (Obv_Rn) under 12 IGBP land cover types: CRO (Croplands), CSH (Closed
shrublands), DBF (Deciduous broadleaf forests), DNF (Deciduous needle leaf forests), EBF (Evergreen
broadleaf forests), ENF (Evergreen needle leaf forests), GRA (Grasslands), MF (Mixed forests), OSH
(Open shrublands), SAV (Savannas), WSA (Woody savannas), WET (Permanent wetlands). The red
dotted line is the 1:1 line. N is the number of data points, NSE is Nash-Sutcliffe Efficiency, R is
correlation coefficients, RMSE is Root Mean Square Error, RMSEs is systematic RMSE, and RMSEu is
unsystematic RMSE.
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Specifically, VISEA_Rn demonstrates good accuracy in certain land cover types, including CHS
with an NSE of 0.67, R of 0.84, and RMSE of 29.7 W m2, EBF with an NSE of 0.63, R of 0.8, and RMSE
of 42.9 W m?, and ENF with an NSE of 0.66, R of 0.83, and RMSE of 39.6 W m2. However, its
performance diminishes notably at OSH, where it records an NSE of 0.16, R of 0.61, and RMSE of 56
W m?, as well as in SAV, with an NSE of 0.21, R of 0.52, and RMSE of 44.2 W m*.

While VISEA_Rn appears to have lower accuracy compared to ERA5_Rd, in the majority of land
cover types, the RMSEs are smaller than RMSEu, with mean RMSEs of 25.2 W m2and mean RMSEu
of 34.3 W m2. Moreover, the RMSEu of 43.3 W m2is almost the same as the RMSE. These findings
suggest that VISEA_Rn demonstrates fewer systematic biases, with unsystematic RMSEu contributing
the most to the overall RMSE.

In the context of VISEA_Rn, a consistent pattern of approximately 30% underestimation in net
radiation across various land cover types raises noteworthy discussions. This systematic discrepancy
could be linked to the disparity in vegetation coverage between the observed sites' footprint and the mean
vegetation coverage of the 0.05° x 0.05° grid cell. Specifically, the lower albedo within the footprint,
compared to the grid cell's average albedo (as expressed by Eq. 20, contributes to the underestimation of
Obv_Rn. This is particularly evident in OSH, where the vegetation coverage within the footprint

significantly exceeds the mean vegetation coverage of the grid cell (<0.2 compared to >0.5).

Additionally, factors such as the bias in ERA5_Rd (refer to Fig. 3, j) and VISEA_Ta (refer to Fig.
4, j) contribute to the underestimation of VISEA_Rn in SAV. Moreover, a substantial 50%
underestimation in DNF results from the underestimated VISEA_Ta (refer to Fig. 4, d), leading to a
subsequent underestimation of downward long-wave radiation. Unpacking these intricacies sheds light
on the nuanced interplay of variables influencing the observed underestimation trends in VISEA_Rn

across diverse land cover types.

Figure 6 illustrates scatter plots of daily evapotranspiration (ET) simulated by VISEA (VISEA_ET)
against eddy covariance measurements obtained from 149 flux tower sites (Obv_ET) across 12 IGBP
land cover types. The scatter plots of VISEA_ET reveal a dispersed distribution, as evidenced by an
average NSE of -0.08, average R of 0.56, and average RMSE of 1.4 mm day*. Notably, VISEA_ET tends

to underestimate daily ET across most land cover types.

Among the 12 land cover types, VISEA_ET exhibits the highest accuracy in DNF, with an NSE of
0.4, an R of 0.82, and an RMSE of 0.9 mm day*. It was closely followed by GRA, with NSE values of
0.26, R values of 0.65, and RMSE values of 1.3 mm day*. However, for CRO, ENF, and WET land cover
types, the NSE values, although above 0, are close to 0 (mean NSE of 0.11), with a mean R of 0.53 and
a mean RMSE of 1.3 mm day?. In the remaining land cover types, particularly in OSH and SAV,
VISEA_ET appears to struggle in aligning with local measurements, resulting in NSE values of -0.57
and -0.51, R values of 0.31 and 0.36, and RMSE values of 1.2 mm day™ and 1.7 mm day?, respectively.
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458
459 Figure 6. The scatter plot of daily ET simulated by VISEA (VISEA_ET) compared with local instruments
460  measurements (Obv_ET) under 12 IGBP land cover types: CRO (Croplands), CSH (Closed shrublands),
461 DBF (Deciduous broadleaf forests), DNF (Deciduous needle leaf forests), EBF (Evergreen broadleaf
462  forests), ENF (Evergreen needle leaf forests), GRA (Grasslands), MF (Mixed forests), OSH (Open
463  shrublands), SAV (Savannas), WSA (Woody savannas), WET (Permanent wetlands). The red dotted line
464 s the 1:1 line. N is the number of data points, NSE is Nash-Sutcliffe Efficiency, R is correlation
465  coefficients, RMSE is Root Mean Square Error, RMSEs is systematic RMSE, and RMSEu is
466  unsystematic RMSE.

467 As the evaluation of daily VISEA_ET with observed ET, Obv_ET, at CRO and WET, the bias
468  mainly come from the bias in ERA5_Rd (the third highest RMSE of 45.2 W m and second highest
469 RMSE of 59.4 W m™) (Fig. 3, aand I). In ENF, the biases primarily could by the disability of VISEA_ET
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to capturing the Obv_ET under a cold climate, with low net radiation estimation (Fig. 5, f), and air
temperature (Fig. 4, f). For OSH, the bias mainly arises from the poor estimation of VISEA_Rn, which
has the lowest NSE of 0.16 and highest RMSE of 56 W m (Fig. 5, i). The bias of VISEA_ET in SAV is
a result of the combined biases in ERA5_Rd (the lowest NSE and R of 0.29 and 0.59, respectively, and
the highest RMSE of 63.2 W m?), VISEA_Ta (the second lowest NSE and R of -0.19 and 0.57 ,
respectively).

In Figure 7, we utilized Taylor diagrams (Taylor, 2001) to evaluate the performances of six global
gridded monthly ET products with simulated ET from VISEA (a), GLEAM (b), GBAF (c), AVHRR (d),
MOD16 (e), and PML (f). The statistical values, including correlation coefficient (CC), bias, RMSE,
RMSEu, RMSEs, and NSE are presented in Table 3. In contrast to the daily evaluation of VISEA, the
assessment on a monthly scale revealed significant performance metrics for VISEA, featuring a robust
mean correlation coefficient (CC) of 0.69, a mean Nash-Sutcliffe Efficiency (NSE) of 0.25, and the
highest mean Ratio of 0.94. On the downside, VISEA exhibited the highest mean bias, signifying an
underestimation of -9.7 mm month and a moderate mean RMSE of 31.5 mm montht. Comparatively,
MOD16 has slightly better performance than VISEA with the second highest CC of 0.72 and higher NSE
of 0.41, lower bias of -8.3 mm month-*and RMSE of 28.7 mm month™.

In contrast, GLEAM and PML stood out as top performers among all products. GLEAM displays
the second-highest CC of 0.71, a mean NSE of 0.39 and the lowest mean bias at 2.3 mm month. While,
it also exhibited the highest mean RMSE of 31.5 mm month'* among the products. On the other hand,
PML achieved the highest mean CC of 0.75 and the highest NSE of 0.49 coupled with the lowest RMSE
at 25.9mm month* affirming its relatively accurate estimations. GBAF and AVHRR exhibit a higher
degree of disagreement with the observed data compared to the other ET products. GBAF presents the
lowest mean CC of 0.62, the second lowest NSE of 0.16, and an RMSE of 30.58 mm month, while it
has the second lowest mean bias of -4.3 mm month, providing valuable insights into its performance
characteristics. On the other hand, AVHRR records the lowest NSE of 0.12, second lowest CC of 0.69
and the highest RMSE of 31.5 mm month™.
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Figure 7. Taylor Diagrams comparing monthly measurements of (a) VISEA, GLEAM (b), GBAF (c),
AVHRR (d), MOD16 (e), and PML (f) with 150 flux towers (labeled as Obv) in different IGBP land
cover types. The diagrams display the Normalized Standard Deviation (represented by red circles),

Correlation Coefficient (shown as green lines), and Centred Root-Mean-Square (depicted as blue circles).
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Table 3. Statistical variables of six ET Products — CC (Correlation Coefficient), Ratio (the ratio of the
standard deviations of simulated ET and flux tower measurements), Bias, RMSE, RMSEu, RMSEs, and
NSE.

CRO CSH DBF  DNF EBF ENF GRA MF OSH  SAV WSA WET MEAN

VISEA cc 0.57 0.89 0.67 0.95 0.74 0.74 0.72 0.79 0.39 0.55 0.6 0.66 0.69
Ratio 0.77 127 0.99 0.76 1.29 1.01 0.8 1.27 1.06 0.7 0.78 0.63 0.94

Bias  -14.16 -1.27 39 -19.06 137 -12.84  -1347 153 -6.83 -0.45 2314 -31.98 -9.70

RMSE 39.4 12.5 34 22.1 30.4 285 32 233 30.4 325 412 51.6 31.49

RMSEU 274 12.1 30.7 74 304 23.8 23.1 232 254 225 25.8 254 23.10

RMSES 283 31 14.5 20.8 22 15.7 222 1.5 16.8 235 32.1 44.9 18.80

NSE 0.18 0.64 0.34 0.45 0.24 033 0.41 038  -0.36 0.28 0.01 0.08 0.25

GLEAM cc 0.56 0.99 0.56 091 0.81 0.77 0.75 0.83 0.53 0.53 0.61 0.67 0.71
Ratio 0.69 1.25 0.73 0.77 0.94 0.98 0.75 0.99 0.99 1.02 0.98 0.54 0.89

Bias -5.68 10.71 -3.55 -6.12 341 234 -2.01 10.67 4.44 -7.99 -17 0 -16.26 -2.25

RMSE 36.8 12.1 35.8 14.6 21.4 23.8 27.6 20.2 25.6 384 39.8 43.3 28.28

RMSEU 24.6 32 254 9.6 19.4 22 20.7 16.3 21.9 332 31.9 21.4 20.80

RMSES 273 11.6 253 10.9 9.1 18.2 11.9 13.1 19.3 23.7 37.7 18.92

NSE 0.29 0.6 0.28 0.77 0.62 0.53 0.57 0.53 0.03 0.01 0.06 0.34 0.39

GBAF cc 0.78 0.75 0.53 _ 0.88 0.66 0.58 0.73 0.67 0.35 0.35 0.58 0.62
Ratio 0.8 0.85 0.58 0.91 0.79 0.57 0.87 0.64 1.42 0.63 0.46 0.77

Bias 3.48 18.25 3.53 -1.55 <795 -12.51 14.08 1.96  -10.02  -25.08  -31.66 -4.32

RMSE 225 21.8 359 _ 16.3 26.2 37.1 24.2 21.8 33.7 43.1 53.8 30.58

RMSEU 17.8 10 20.8 14.7 19.4 20 16.7 13.8 30.2 21.2 20 18.60

RMSES 13.8 19.4 29.3 _ 17.7 312 17.5 16.9 15.1 375 50 24.84

NSE 0.6 0.49 0.27 0.77 0.37 0.25 0.26 0.44 -1.21 -0.46 -0.03 0.16

AVHRR cc 0.8 _ 0.8 _ 0.76 0.68 0.58 0.79 0.69 0.32 0.7 0.79 0.69
Ratio 0.91 _ 0.87 0.87 1.15 0.83 0.9 0.89 0.3 0.95 0.43 0.81

Bias -1.15 _ 5.96 5.24 273 -7.04 0.16  -2.41 -47.83 -042 2532 -7.55

RMSE 23.6 _ 26.1 _ 233 31 36 18.8 22.1 54.7 332 46.6 31.54

RMSEU 21.2 _ 22 19.5 29.8 279 16.6 18.8 _ 29.8 14.6 22.24

RMSES 10.4 _ 14.1 12.7 8.4 22.7 8.7 11.6 54.2 14.6 44.2 20.16

NSE 0.63 _ 0.61 _ 0.54 0.23 0.24 0.62 0.43 2279 0.42 0.29 0.12

MOD16 cc 0.57 0.94 0.71 0.95 0.82 0.74 0.71 0.81 0.67 0.53 0.59 0.65 0.72
Ratio 0.64 1.26 0.77 0.8 111 0.81 0.74 1.09 0.66 1 1 0.46 0.86

Bias -7.88  -14.03 5.79 -407  -7.17 -4.51 -5.05 4.09  -6.41 -16.01 -23.76  -21.07 -8.34

RMSE 36.9 16.7 30.7 11.1 234 243 29.6 19.4 20.4 40.4 443 472 28.70

RMSEU 23 8.4 23 74 22 19.3 21.7 18.7 12.8 324 333 18.8 20.07

RMSES 28.8 14.4 203 82 7.8 14.9 20.2 52 159 24.2 29.1 43.3 19.36

NSE 0.28 0.24 0.48 0.87 0.55 0.52 0.5 0.57 0.39 0.12 0.14 0.23 0.41

PML cc 0.68 0.99 0.68 0.93 0.8 0.81 0.68 0.77 0.7 0.57 0.61 0.82 0.75
Ratio 0.8 1.04 0.81 1.22 0.98 0.97 0.79 0.96 1.01 0.94 0.83 0.56 091

Bias -6.6 30339 047  -1.42 -6.07 -6.66 -0.59 6.48 -0.18  -16.04 2221 -4.93

RMSE 332 4.1 315 13.3 21.9 222 31.7 19.8 21.1 345 37.5 40.5 25.94

RMSEU 256 2.8 25.1 12.7 20.5 20.1 24.1 18.2 18.6 29.5 27.1 17.3 20.13

RMSES 21.1 3.1 19 39 7.8 9.6 20.6 7.7 9.9 17.8 26 36.6 15.26

NSE 0.42 0.95 0.44 0.79 0.61 0.6 043 0.55 033 0.19 0.16 0.43 0.49

Figure 8 illustrates the spatial distribution of multi-year average monthly precipitation data sourced
from the Global Precipitation Climatology Centre (GPCC) and the calculated evapotranspiration (ET) by
various models, namely VISEA, GLEAM, GBAF, AVHRR, MOD16, and PML. Comparing these
precipitation and ET products may seem incompatible; nevertheless, this section focuses on the

distribution patterns of rainfall and ET rather than on their specific values.
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512 Figure 8. The spatial distribution of the multi-year average (2001-2019) for (a) GPCC (2001-2019), (b)
513  VISEA (2001-2020), (c) GLEAM (2003-2019), (d) GBAF (2001-2008), (¢) AVHRR (2001-2006), (f)
514  MODI16 (2001-2014) and (g) PML (2003-2018).
515 All six of these ET products exhibit similar and coherent spatial ET distributions, which align with
516  the precipitation distribution data from GPCC. The highest ET values (1,400 to 1,600 mm year?) are
517 predominantly concentrated in equatorial low-latitude regions with the highest precipitation levels (1,600
518  to 1,800 mm year?). These regions include South America (Amazon Basin), Central Africa (Congo
519 Basin), and Southeast Asia (encompassing Indonesia, Malaysia, parts of Thailand, and the Philippines),
520  which are known for their tropical rainforest climates. These ET estimates align with the findings of
521 Tapiador et al. (2012) and Panagos et al. (Panagos et al., 2017), who reported that the multi-year average
522 annual precipitation is approximately 2,000 mm year.
523 Conversely, areas categorized as barren land (BAR), including deserts such as Sahara, Arabian,
524  Gobi, Kalahari, and large portions of Australia, as well as snow and ice (SI) areas like most parts of
525  Canada, Russia, and the Qinghai-Tibet Plateau in China, where the growing seasons are short, typically
526  falling below 400 mm year. These areas are also characterized by the lowest annual precipitation,
527 ranging from 200 to 400 mm year* according to GPCC precipitation data mm year. ET estimates for
528 other land cover types fall within this range, varying from 400 to 1,400 mm year, in close alignment
529 with the GPCC precipitation data, which falls between 600 to 1,600 mm year.
530 Figure 9 presents the daily variations in ET from August 28", 2022, to September 1%, 2022, within
531  the Yangtze River Basin, along with the mean ET and Global Unified Gauge-Based Analysis of Daily
532 Precipitation recorded during this period. According to a study by Zhang et al. (2023), the summer of
533 2022 witnessed a severe drought within the Yangtze River Basin. This drought commenced in July,
534  gradually relenting in late August and early September. Figure 9 visually represents the drought severity,
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highlighting extremely low ET levels (below 0.2 mm day*) across most of the basin on August 28%,
2022. Subsequently, on August 29", 2022, an upsurge in precipitation resulted in a corresponding
increase in ET (exceeding 0.8 mm day™) throughout the majority of the basin, as depicted in subfigures

(b)-(e).
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Figure 9. Daily ET distribution of VISEA from August 28" to September 1% in 2022) (a)-(¢) and mean
ET and Precipitation Variance in the Yangtze River Basin (f) during the same period.

In subfigure (f), the variances in mean ET and precipitation across the river basin during this period
are showcased. Notably, a substantial increase in rainfall (11 mm day™) on August 29", 2022, was
responsible for the surge in ET (1.1 mm day™) on August 30", 2022, indicating an alleviation of drought
conditions within the region. The consistent alignment of ET and precipitation variances underlines

VISEA's ability to capture near-real-time fluctuations in ET, particularly during drought events.

5. Discussion

While global ET products require at least 2 weeks to generate global actual ET measurement, we
developed VISEA, a satellite-based algorithm which is capable of generating near-real-time
evapotranspiration on a daily time step with a resolution of 0.05°. This algorithm is based Nishida et al.
(2003) satellite-based evaporation fraction algorithm. To assess its accuracy, we compared the calculated

ET with data from 149 flux towers around the world in various land use types.

Scale mismatch is a problem for many satellite-based ET products. The footprints of these flux towers
typically range from 100 to 200 meters, while the VISEA model outputs gridded cells at a resolution of
0.05° x 0.05° (nearly 25 km?). This discrepancy introduces errors, especially since flux towers require a
uniform fetch, which may not represent the larger gridded cell. To enhance the validity of our
assessments, we assessed monthly values and spatial patterns of our ET measurements with five other
satellite-based ET products named MOD16, AVHRR, GLEAM, GBAF and PML (Figure 7 and 8).

The evapotranspiration is calculated with VISEA using shortwave downwards radiation, and
intermediate variables including daily air temperature and net radiation. The calculated

evapotranspiration generally matches local measurements and other model calculated values well but we
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found significant biases (Figures 6 and 7). These biases largely arise from inaccuracies in the input ERA5-
Land shortwave radiation (Figure 3), improper application of the VI-Ts method (Figure 4), and
uncertainties in daily net radiation (Figure 5). Below we detail the origin of the biases.

Incoming shortwave radiation from ERA5-Land is employed to derive the available energy for
vegetation coverage and bare soil (Eq. 20 and 21), which are the main parameters for calculating daily
ET (Eq. 22). While ERA5-Land is widely utilized as a reanalysis dataset, offering near-real-time land
variables by integrating model data with global observations based on physical laws. However, the
accuracy of shortwave radiation from ERA5-Land seems compromised in savannas (Figure 3) due to the
challenges associated with simulating radiation transmission under land-use changes and aerosol

pollution from natural or anthropogenic sources.

Air temperature is an important parameter in determining the daily evaporation fraction of bare soil
(Eq. 14), canopy surface resistance (Eq. Al), aerodynamic resistance of the bare soil (Eq. A9),
atmospheric emissivity (B1), available energy for vegetation coverage and bare soil (Eg. 20 and 21).
Since air temperature is not measured directly by satellites, many other ET product use therefore ground
observations, land model or reanalysis data. In contrast, VISEA derives the air temperature from the
negative linear relationship between vegetation index (V1) and surface temperature (Ts) using the VI-Ts
method (section 2.1.3). It gives very good results under grass land, open shrubland and woody savannas
landcover types, as shown in Figure 4. However, in regions where the vegetation index and temperature
data in adjacent grid cells show small variations, such as dense forests and bare lands and deserts. Also,
in regions with freezing temperatures, the VI-Ts method does perform well, because warmer temperature
is related to increased vegetation, opposite the other regions, where there is a negative.

Another source of bias stems from our VISEA model, is the daily net radiation’s uncertainties. which
are primarily attributed to the input shortwave radiation and air temperature, as indicated by the energy

budget equation (Eg. 17).

The ET calculation in VISEA relies solely on vegetation coverage as an indirect constraint and does
not explicitly account for water availability. This approach overestimates evapotranspiration (ET) in
regions with excessively high available energy. Additionally, VISEA tends to underestimate ET in colder
areas, such as the western regions of Canada, which is attributed to the model's failure to account for

evaporation from frozen surfaces in its ET calculations.

In our efforts to enhance the model, we are planning to refine the model's treatment of frozen surfaces
and bare lands, aiming to improve accuracy in colder and arid regions. Future works include
improvements that need to be made to reduce the bias in ET, refine the VI-TS method, explore additional
factors like aerosols and land use changes, and enhance spatial resolution.

6. Conclusion

In recent decades, several ET products using satellites have been developed, but few of them
provide near-real-time global terrestrial ET estimates. Despite being updated at the fastest rate, the
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MOD16 ET dataset still encounters a delay of more than two weeks. In this study, we provide a satellite-
based near-real-time global daily terrestrial ET estimates by incorporating near-real-time updated hourly
shortwave radiation data from ERA5 and MODIS land products at a spatial resolution of 0.05°. The
assessments indicate that near-real-time ET estimation with VISEA achieves comparable accuracy to
other existing data products and offers a significantly shorter time frame for daily data availability.

The new VISEA aligns well with measurements at 149 tower flux sites distributed globally in both
daily and monthly time scales. It exhibits superior accuracy compared to the other five ET products for
DNF land cover types and competitive accuracy for most land cover types. However, like the other five
ET products, it encounters greater uncertainties for the SAV land cover type. In the comparison of the
multiple-year average spatial distribution of other monthly ET products and GPCC precipitation, VISEA
aligns with GPCC and other ET estimates in most areas worldwide, indicating its adherence to the water
balance in those regions. However, VISEA exhibits slightly higher estimates in the Sahara region and
lower estimations in the western Canada. In future studies, the VISA ET algorithm can be enhanced by
incorporating more precise models for the radiation estimation in savanna and the evaporation from the
frozen surface. These improvements will greatly contribute to enhancing the overall accuracy of the
algorithm. The satellite-based near-real-time global daily terrestrial ET estimates could be beneficial for
meteorology and hydrology applications requiring real-time data, especially in coordinating relief efforts

during droughts.

7. Code Availability

Python code to synthesise the results and to generate the figures of VISEA results and the codes for
generating the global ET products can be obtained through the public repository at
https://doi.org/10.6084/m9.figshare.24647721.v1 (Huang, 2023c).

8. Data Availability

The VISEA ET data can be obtained from https://data.tpdc.ac.cn/en/data/236e33bf-e66b-4682-bbcl-
274deldcbcd3 (Huang, 2023a).

8.1 Input data

MOD11C1 can be obtained at https://e4ftl01.cr.usgs.gov/MOLT/MOD11C1.061/. MOD0O9CMG can be
obtained at https://e4ftl01.cr.usgs.gov/MOLT/MODO09CMG.061/. MCD43C3 can be obtained at
https://e4ftl01.cr.usgs.gov/IMOTA/MCD43C3.061/. MOD13C1 can be obtained at
https://e4ftl01.cr.usgs.gov/MOLT/MOD13C1.061/. MCD12C1 can be obtained at
https://e4ftl01.cr.usgs.gov/IMOLT/MOD21C1.061/. ERA5-Land shortwave radiation data can be

obtained at https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land?tab=form.

8.2 Evaluation data
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FLUXNET2015 flux towers data (FLUXNET2015: CC-BY-4.0 33) can be obtained at
https://fluxnet.org/data/download-data/. The GLEAM ET dataset was obtained from
https://www.gleam.eu/#downloads (an email is required to receive a password for the SFTP). The GBAF
ET dataset was acquired from https://www.bgc-jena.mpg.de/geodb/projects/Data.php. MOD16 ET was
obtained from
http://files.ntsg.umt.edu/data/NTSG_ProductssMOD16/MOD16A2_MONTHLY.MERRA_GMAO_1k
mALB/Previous/.  Additionally, the AVHRR ET  dataset was sourced from
http://files.ntsg.umt.edu/data/ET_global_monthly_ORIG/Global_1DegResolution/ASCIIFormat/.
Lastly, the PML ET dataset was obtained from https://www.tpdc.ac.cn/zh-hans/data/48c16a8d-d307-
4973-abab 972e9449627c.

The precipitation from Global Precipitation Climatology Centre (GPCC) data was as obtained at
https://cds.climate.copernicus.eu/cdsapp#!/dataset/insitu-gridded-observations-global-and-
regional?tab=form. The precipitation from Global Unified Gauge-Based Analysis of Daily Precipitation
(CPC) was obtained at https://downloads.psl.noaa.gov/Datasets/cpc_global_precip/precip.2022.nc

Other data that supports the analysis and conclusions of this work is available at
https://figshare.com/articles/dataset/Satellite-based_Near-Real
Time_Global_Daily_Terrestrial_Evapotranspiration_Estimates/24669306 (Huang, 2023d).
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Appendix
Appendix A. Determining the resistances of vegetation canopy and bare soil surface

The canopy surface resistance of the vegetation, denoted as 7, ., (s M), was determined using the

relationship established by Jarvis et al. (1976), is equivalent to:

1 _A (Ta)f2 (PAR)f3 (VPD) fy (¢)f 5 (coz) + 1 (Al)

Tcveg TcMIN Tcuticle

The minimum resistance 7,y (s m?) is defined as 33 (s m*) for cropland and 50 (s m) for forest
as determined by Tang et al. (2009); the canopy resistance related to diffusion through the cuticle layer
of leaves .yticre IS Sét at 100,000 (s m?) in the Biome-BGC model is according to White et al. (2000).
The relationships involving air temperature T,, f; (T,) and photosynthetic active radiation PAR, f,(PAR)
expressed by the functions provided Jarvis et al. (1976):

Tx*To)

ﬁ(ﬂJ::(“-m)(Q:@fnr”

To=Tn/ \ Tx~Ta

(A2)

The minimum, optimal, and maximum temperatures for stomatal activity are denoted as T, T, and
T,, respectively. As per Tang et al. (2009), T;, is set to 275.85 K, T, to 304.25 K, and T, to 318.45 K. The

expression for the function £, (PAR) is provided below:

_ PAR
f2 (PAR) = PAR+A

(A3)

where PAR is photosynthetic active radiation per unit area and time (u mol m? s?) calculated by
incoming solar radiation multiplied by 2.05 (White et al., 2000); A is a parameter related to photon
absorption efficiency at low light intensity, which was set to 152 u mol m? s 20; Nishida®? found that
in Eq. A1 the following functions can be omitted without great loss of accuracy: the functions depending
on vapor pressure deficit, f; (VPD), leaf water potential f, (¢) and carbon dioxide vapor pressure,

f5(€OR).

The photosynthetic active radiation per unit area and time (PAR), measured in p mol m™2 s, is
computed by multiplying incoming solar radiation by 2.05, as outlined by White et al. (2000). The
parameter A, associated with photon absorption efficiency at low light intensity, is established at 152 p
mol m s7'. Nishida et al. (2003) observed that, in Eq. A1, the functions tied to vapor pressure deficit
f5 (VPD), leaf water potential f, (¢), and carbon dioxide vapor pressure f5 (CO,) can be omitted without

significant loss of accuracy.

The aerodynamic resistance of the canopy, denoted as 7; ¢4 (s m™), is computed for forest cover,
grassland, and cropland using the empirical formulae presented by Nishida et al. (2003) for both

instantaneous and daily values.
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L = 0.008Usq;, (Ad)

Taveg (forest)

The wind speed at a height of 50 meters above the canopy (Usg.,) iS used to determine the

aerodynamic resistance for grassland and cropland, as follows:

1

= 0.003U;, (A5)

Taveg (grassland & cropland)

where Uy, is the wind speed 1m above the canopy (m s). The wind speed as a function of the
height z, U(z) can be calculated by the logarithm profile of wind. A recent study found that the velocity
log law does not apply to a stratified atmospheric boundary layer (Cheng et al., 2011). Thus A4 and A5
are valid under neutral boundary layer conditions. Since 7, ..., is calculated differently for forests (Eq.
A4) and grasslands/croplands (Eq. A5), we used the land cover classes from the yearly International
Geosphere-Biosphere Programme (IGBP) (MCD12C1) to identify the land cover and choice the different
equation of 7, ¢4 Use,m and Uy, were calculated by the logarithm profile of wind:

U(@) = Ugpearln 21 /1 (A6)

where Ug,qr is the shear velocity (m s?); z is the height (m); d is the surface displacement (m); z,
is the roughness length, we followed Nishida et al. (2003), set as 0.005 m for bare soil and 0.01 m for
grassland; k is the von Kéarman's constant and set as 0.4 following Nishida (Nishida et al., 2003). The

shear velocity Ugp.q- Was calculated as:

0.4
Ushear = Ulmsoil ln(—1 (A7)

0.005)

where the Uy, 501 IS the wind speed of bare soil at 1 m height (m s%), it was calculated as:

Uimsou = 1/0.0015 74 5011 (A8)

The Vegetation Index-surface Temperature (VI-Ts) diagram (Nishida et al., 2003) can be utilized to
compute the instantaneous air temperature. This is achieved by utilizing MODIS instantaneous surface
temperature/emissivity data (MOD11C1) and daily-calculated NDVI as input parameters.

The aerodynamic resistance of the bare soil, denoted as 7y, ¢o;; (s m™), was determined by Nishida
et al. (2003). This calculation assumes that the maximum surface temperature of bare soil Tsy;; max (K)
happens when the sum of latent heat flux and sensible heat flux of the bare soil, referred to as the available
energy of bare soil Q,,;; (W m2), is utilized as the sensible heat flux, while the latent heat flux is set to

ZEero.

PCp(Tsoit max—Ta) (Ag)

Tasoit = Qsoil

Ta st 1S the aerodynamic resistance of the bare soil, (s m™), p is the air density, kg m3; Cp is the
specific heat of the air, (J kg™ K1); T, is the air temperature (K), Q,,;; is the available energy of bare soil
(W m?).
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To compute the canopy surface resistance of bare soil, denoted as 7, 5,;; (s m™), we adhere to the
methodologies outlined in the works of Griend and Owe (1994) and Mu et al. (2007):

Tesoit = Ttot — Tasoil (A10)

- 1.0
tot — ( Tq )1'75101300
293.15 P

x107.0 (A11)

The total aerodynamic resistance r,,; (s m™) is composed of the aerodynamic resistance over the

bare soil 1, o (s m™), with atmospheric pressure P set at 101,300 Pa.
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Appendix B. The calculation of atmospheric emissivity for clear sky
As per Brutsaert (1975), the atmospheric emissivity & for clear sky under standard humidity and

temperature conditions is
el =1.24 x (ed/T]HV7 (B1)

where e represents the daily water vapor pressure (kPa). To calculated e, it is necessary to
compute the slope of the saturated vapor (A) as:

17.27T,
4098 [0.6108 exp[(T(ﬁT‘g)]

A= (B2)

(Tq+237.3)2

VPD is the vapor pressure deficit of the air (kPa), which is expressed as:

VPD = e%(T,) — e, (B3)

0 _ 17.27T,
e®(T,) = 0.6108 exp [ (Ta+237.3>] (B4)
€q = eO(Tdew) (BS)
€°(Taew) = 0.6108 exp [—2 Tdew | (B6)

Taew+237.3

The expression within parentheses denotes the independent variable, where, e(T,) represents the
saturation vapor pressure (kPa) at the air temperature T, (°C); e, is the actual vapor pressure (kPa);
€°(T4e) is the saturation vapor pressure (kPa) at the dew point temperature Ty, (°C). For forest, water
surface, and cropland T, is set to the minimum air temperature during the day. In arid regions such as
bare soil and non-irrigated grassland, T, may be 2-3 °C lower than T,,;,. Therefore, 2 °C is subtracted
is subtracted from T,,;,, in arid and semiarid areas to derive T, . While these simplifications might
introduce a bias in the final calculated ET value, our initial results indicate that the effect is negligible.
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