
Advanced Review

A review of remote sensing based
actual evapotranspiration
estimation
Ke Zhang,1,2* John S. Kimball3 and Steven W. Running3

Evapotranspiration is a major component of the global water cycle and provides
a critical nexus between terrestrial water, carbon and surface energy exchanges.
Evapotranspiration is inherently difficult to measure and predict especially at
large spatial scales. Remote sensing provides a cost-effective method to estimate
evapotranspiration at regional to global scales. In the past three decades a large
number of studies on remote sensing based evapotranspiration estimation have
emerged. This review summarizes the basic theories underpinning current
remote sensing based evapotranspiration estimation methods. It also lays out the
development history of these methods and compares their advantages and lim-
itations. Several key directions for further study are identified and discussed,
including identification of uncertainty sources in remote sensing evapotranspira-
tion models, merging of different remote sensing methods, application of data
assimilation and fusion techniques in producing robust evapotranspiration esti-
mates, and utilization of multi-source remote sensing data and latest sensor tech-
nologies. Further advances in the remote sensing of evapotranspiration will
enhance capabilities for monitoring of the global water and energy cycles,
including water availability and ecosystem responses and feedbacks to climate
change and human impacts. © 2016 Wiley Periodicals, Inc.
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INTRODUCTION

The net solar radiation at the land surface is parti-
tioned into sensible, latent, and ground heat

fluxes. Land surface elements, including plants, soil,
snow cover and open water bodies, absorb and reemit
a portion of this radiant solar energy as latent heat
and associated water vapor loss to the atmosphere
through evaporation; green plants also lose water

vapor to the atmosphere through leaf stomatal pores
through the process of transpiration, particularly dur-
ing photosynthesis. The total evaporated and tran-
spired water is called evapotranspiration (Ea) as the
sum of soil evaporation (ES), vegetation evapotranspi-
ration (ET), evaporation from open water bodies
(EW), and sublimation of snow and ice (EI). ET can be
further divided into vegetation transpiration (Et) and
vaporization of intercepted water on vegetation sur-
face (Ei). Water exchange through E usually involves
a phase change of water from liquid (or solid in the
case of snow and ice) to gas, which absorbs energy
and cools the land surface. The latent heat accompa-
nying E is λE, where λ is the latent heat of vaporiza-
tion. The transpiration component of E is closely
coupled with canopy and atmosphere exchange of
carbon dioxide (CO2) through vegetation photosyn-
thesis and autotrophic respiration; thus E effectively
links the terrestrial energy, water and carbon cycles.
Accurate measurements and estimates of E are
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therefore critical for quantifying surface energy and
water budgets,1 making accurate weather and climate
model predictions2–4 and diagnosing climate change.5

Remote sensing (RS), especially from polar-
orbiting satellites, provides relatively frequent and spa-
tially contiguous measurements for global monitoring
of surface biophysical variables affecting E, including
albedo, vegetation type and density. RS based mapping
of E is a cost-effective way to estimate and monitor this
flux. With the rapid development of RS technologies
and the Earth Observing System (EOS), many studies
have been conducted in the past decades to develop RS
based E mapping methods. Reviews on the measure-
ments, modeling and RS of land actual evapotranspira-
tion have been conducted many times in the past.
Different measurement methods of E or λE have been
reviewed by Shuttleworth,4 Verstraeten et al.,6

Baldocchi,7 Moene et al.,8 and Van Kesteren et al.9

The modeling of E or λE in regional and global models
has been summarized by Parlange et al.,10 Sellers
et al.,11 and Brutsaert.12 The use of remotely sensed
data, especially land surface temperature data, to esti-
mate E started from 1980s. Progress in thermal RS of
E were intensely summarized, including major reviews
by Carlson,13 Moran and Jackson,14 Kustas and
Norman,15 Quattrochi and Luvall,16 Kustas and
Anderson,17 and Kalma et al..18 Petropoulos et al.19

provided a comprehensive and systematic review of the
surface temperature-vegetation index (Ts-VI) space
method. Recently, Wang and Dickinson20 gave a com-
prehensive review of evapotranspiration observation,
modeling and climatic variability.

This paper reviews the history, development,
and uncertainty of the existing major RS
E estimation or mapping methods at regional to con-
tinental scales, with particular emphasis on the ori-
gins and relationships of different methods and
studies published in recent years. The objectives of
this paper are to summarize the existing major RS
E estimation methods, delineate their connections
and relationships, and highlight their uncertainties
and limitations. This review also provides a perspec-
tive on future development of RS E estimation meth-
ods. In the following sections, we introduce the basic
theories and environmental controls of E, describe
the prevailing RS E estimation methods, and discuss
the advantages and limitations of these methods.

BASIC THEORIES AND
ENVIRONMENTAL CONTROLS
OF EVAPOTRANSPIRATION

Monin-Obukhov Similarity Theory (MOST)21 was
among the first theories to relate turbulent fluxes to

differences of mean temperature and humidity
between two levels through universal stability func-
tions.22 MOST describes nondimensionalized mean
flow and mean temperature in the surface layer under
nonneutral conditions as a function of a dimension-
less height parameter. MOST was the starting point
and significant landmark of modern micrometeorol-
ogy, providing a theoretical basis for micrometeoro-
logical experiments and measurement techniques.23

MOST parameterizes fluxes in the surface layer using
two governing equations:

∂u
∂z

=
u*
kz

�φM ζð Þ; ð1Þ

∂θv
∂z

=
θ*
kz

�φH ζð Þ; ð2Þ

as a function of the dimensionless length parameter
ζ = z/L, where L is the Obukhov length and z is the
height; φM and φH are the universal functions of
momentum and heat; k is the von Karman constant;
u* is friction velocity; θv is virtual potential tempera-
ture and is used instead of temperature to correct for
the effects of pressure and water vapor; θ* is the
characteristic dynamical temperature. MOST is valid
for horizontally homogeneous and stationary surface
layers,21 but its assumptions are not always
satisfied.23,24

E at the earth’s surface is constrained by the
energy available to turn liquid or frozen water into
its vapor form and by the capability of the surround-
ing air to transfer moisture away from the surface.
At the surface these constraints are best expressed
through the energy balance equation and the transfer
equations of latent and sensible heat25:

Rn = λ�E +H +G +ΔH; ð3Þ
Rn =Rns +Rnl = 1−εð Þ�Rs# +Rl#−Rl"; ð4Þ

λE = −kv�δq
δz

; ð5Þ

H = −ρair�CP�kh�
δT
δz

; ð6Þ

where Rn is the net radiation as the sum of net down-
ward shortwave radiation (Rns) and net longwave
radiation (Rnl); H is the sensible heat; G is the soil
heat flux; ΔH is the change in heat storage in biomass
and canopy air space, which is usually ignored in cal-
culations; ε is the shortwave albedo; Rs# and Rl# are
the down-welling shortwave and longwave radiation,
respectively; Rl" is the up-welling longwave radition;
kv and kh are the transfer coefficients for water vapor
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and heat, respectively;
δq
δz

and
δT
δz

are the vertical gra-

dient in respective specific humidity and temperature
from the surface to a reference height above the sur-
face; ρair is the density of air, and CP is the specific
heat of air. Penman26 combined the energy balance
equation with the transfer equations by replacing the
transfer coefficients in Eqs (5) and (6) with an empiri-
cal wind function to gain an expression for actual
evaporation. Monteith27 took into account the con-
trol of vegetation on evaporation and described the
transfer of water from the collective saturated sur-
faces in the plant stomata to the air outside the leaves
by a canopy scale resistance. The resulting equation,
incorporating both aerodynamic and canopy resist-
ance, is called the Penman-Monteith (PM) equation
and can be written as28:

λ�E =
Δ� Rn−Gð Þ+ ρair�CP� esat −eað Þ=ra

Δ + γ� 1+ rs=rað Þð Þ ; ð7Þ

where Δ = d(esat)/dT and is the slope of the curve
relating saturated water vapor pressure to air temper-
ature (T); esat − ea is equal to the vapor pressure defi-
cit (VPD); ra is the aerodynamic resistance. The
psychrometric constant is given by γ = (Ma/Mw)/(CP �
Pair/λ), where Ma, Mw and Pair are the molecular
mass of dry air, the molecular mass of wet air, and
the air pressure, respectively. The rs term is the sur-
face resistance and is also called the canopy resist-
ance (rc) when the PM equation is used to estimate
canopy evapotranspiration. The PM equation can be
viewed as combining MOST with the surface energy
balance (SEB)20 and is arguably the most advanced
resistance model of evaporation used in hydrological
practice.28

The PM equation requires a surface (vegeta-
tion) specific parameter, i.e., rs (rc). The inverse of rs
(rc) is called the surface (canopy) conductance
(gs (gc)), which is difficult to measure directly.29

Therefore, it is often estimated by scaling up from
the leaf stomatal conductance using models. It is
common practice to make a first order estimate of gs
on the basis of a leaf area weighted integral of stoma-
tal conductance (gl):

gs =
ðL
0
gl lð Þ�dl: ð8Þ

More advanced models have been developed to esti-
mate canopy conductance (gs) by considering the
responses of plant stomata to environmental vari-
ables. One is the Jarvis-Stewart equation that

accounts for multiple environmental stress factors to
reduce stomatal conductance below a prescribed
maximum rate (g0).

30,31 A general form of the Jarvis-
Stewart equation is:

gs = g0�fD Dað Þ�fT Tað Þ�fS Rs#
� ��fw θð Þ; ð9Þ

where fD, fT, fS, and fw are dimensionless environ-
mental stress functions ranging between 0 and 1, and
associated with vapor pressure deficit of the air (Da),
air temperature (Ta), Rs#, and soil water content (θ)
related controls, respectively. The main criticism of
the Jarvis-Stewart model is that the interactive effects
between environmental factors are not well consid-
ered because multiplying concomitant effects may
not be enough32 and does not exclude the impacts of
intercorrelation of different factors.33 Another type
of model is the ‘Ball-Berry’ equation34:

gs =m� A
Cs

� e
esat

�Pair + b; ð10Þ

where m is a parameter dependent on plant func-
tional type and θ; A is the carbon flux into the leaf;
Cs is the CO2 partial pressure at the leaf surface, and
b is the minimum conductance when A = 0. Based on
the work of Kelliher et al.,35 Leuning36 developed an
expression for canopy conductance in terms of maxi-
mum stomatal conductance (g0) of leaves at the top
of canopy, leaf area index (LAI: denoted as LA), a
hyperbolic response to absorbed shortwave radia-
tion, and the response of stomatal conductance
to Da:

gs =
g0
kQ

�ln Qh +Q50

Qh�exp −kQ�LA
� �

+Q50

" #
� 1
1 + Da=D50ð Þ

� �
;

ð11Þ

where Qh is the flux density of visible radiation at
the top of canopy, kQ is the extinction coefficient for
shortwave radiation, Q50 and D50 are the respective
visible radiation flux and vapor pressure difference
when stomatal conductance is half of its maximum
value.

Maximum entropy production (MEP) is
another emerging theory that explains the nonequili-
brium thermodynamics and provides new approaches
to estimating surface fluxes.37,38 The MEP theory is a
derivative of the principle of maximum entropy
(MaxEnt) first formulated as a general method to
assign probability distributions in statistical mech-
nics.39 The MaxEnt distribution is interpreted as the
most probable and macroscopically reproducible
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state among all physically possible states.40 In the
MaxEnt formalism, the probabilities pi of variables
xi (i = 1,� � �,n) are derived by maximizing the Shan-
non information entropy,38

SI≡−
Xn
i = 1

pi�ln pið Þ½ �; ð12Þ

subject to the constraints

fk≡
Xn
i = 1

pi�f xið Þ½ � = Fk, 1 ≤ k ≤m; ð13Þ

where fk are functions of xi, Fk are parameterized as
constraints from available information about xi, and
m (<<n) is a given integer. The brackets represent
mathematical expectations. The MaxEnt distribu-
tions pi can be derived by maximizing SI, leading to

pi / exp
Xm
k =1

λk�fk xið Þ½ �
( )

; ð14Þ

where λk are the Lagrange multipliers associated with
the constraints Fk. Based on the generic ‘fluctuation
theorem’ and the behavior of the MaxEnt distribu-
tion for the antisymmetric functions fk, one can
obtain an entropy production function38:

D≡2�
Xm
k =1

λk�Fkð Þ: ð15Þ

Wang and Bras40,41 built an MEP model for estimat-
ing evapotranspiration by introducing heat fluxes
(latent heat, sensible heat and ground heat flux) into
the entropy production function and deriving the
MEP solution for surface heat fluxes. A general form
of the heat flux entropy production function is
given41:

D E,H,Gð Þ≡2�G2

Is
+
2�H2

Ia
+
2�E2

Ie
; ð16Þ

where Is, Ia, and Ie are the thermal inertia parameters
associated with ground heat flux, latent heat, and
sensible heat, respectively. By parameterizing these
thermal inertia parameters using meteorological vari-
ables and utilizing the energy balance equation, one
can solve for the heat fluxes in Eq. (16) by minimiz-
ing D. The MEP approach provides an alternative
way to derive the heat fluxes without getting into
microscopic details of molecular conduction in the

soil and turbulent diffusion in the air.41 More com-
prehensive and detailed overview of the MEP theory
and its application is referred to Kleidon and Schy-
manski42 and Kleidon and Lorenz.43

In theory, it is clear that evapotranspiration is
a process that is controlled by both physical and
biological processes. However, the relative impacts
of different physical and biological processes on
evapotranspiration vary in space and time. Zhang
et al.44 separated physical controls to E into three
independent factors: demand (as a function of air
temperature, humidity and wind speed), supply (as a
function of precipitation) and energy (as a function
of radiation and cloudiness), and computed the
multi-year (32 years) average values of these envi-
ronmental constraint factors using meteorology rea-
nalysis (Figure 1). The results show that water
supply most strongly influences E over 49% of the
global domain, mainly located in semiarid and arid
areas (Figure 1). Available energy is the dominant
influence on E over 32% of the global domain, pri-
marily in tropical humid climate areas and the
northern high latitudes with characteristically high
cloudiness (Figure 1). Atmospheric water demand is
the dominant control factor on E over 19% of the
globe, mainly located in high mountain areas and
the high latitudes (Figure 1). Recent studies have
shown that climate change and climate variability
have caused changes in environmental controls on
E during the past decades, leading to widespread
changes in evapotranspiration.44–48 Besides these
environmental controls, vegetation has a major
influence on E. Some studies show that interannual
changes in vegetation activity predominantly control
interannual changes in E in the growing
seasons,49,50 while other studies confirm the influ-
ence of vegetation in affecting spatiotemporal pat-
terns and trends in E over regional to global
scales.44,45,47,51

Demand

Energy supply

FIGURE 1 | Geographic distribution of primary climatic control
factors regulating terrestrial E derived from long-term climate
statistics, including demand = f(Tair, Humidity, Wind Speed),
supply = f(Precipitation), and energy = f(all-sky radiation, clear-sky
radiation) constraints.
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APPROACHES OF RS BASED
EVAPOTRANSPIRATION
ESTIMATION

Owing to its high cost-effectiveness, wide and repeat-
able coverage, and reasonably favorable accuracy,
satellite RS retrieval of E has become a popular tool
and study area in the past two to three decades. RS
based E estimation roughly started in the 1980s and
has evolved into a variety of approaches and models
(Figure 2). There is no consensus on which approach
or model is best because each of these approaches/
models has its own advantages and limitations. In
this section, we introduce each of the major RS
approaches, including newly developed techniques.
We also describe relations among the different E RS
methods, summarize their basic theories, limitations
and advantages, and provide a big picture overview
of the ‘RS of evapotranspiration’ field.

Surface Energy Balance Methods
The SEB method is the earliest RS based E estimation
method and combines the SEB expression and land
surface flux equations with remotely sensed tempera-
tures. In this approach, latent heat (λE) is estimated
as a residual of the surface energy budget based on
the SEB equation (rearrangement of Eq. (1)) and heat
transfer equation (a variant of Eq. (6)):

λ�E =Rn−H−G; ð17Þ

H = ρair�CP:
Taero−Ta

rr
; ð18Þ

where Taero is the ‘aerodynamic surface temperature’
obtained by extrapolating the logarithmic air temper-
ature profile to the roughness length for heat trans-
port (zoh) or, more precisely, to the sum of the zero-
plane displacement height (d) and zoh (d + zoh)

86; rr
is a radiometric-convective resistance. The key to
estimating sensible heat (H) using Eq. (18) lies in the
estimation of the resistance term rr. The rr term is
generally estimated based on treating the land surface
as an electrical analog which means that the rate of
exchange of a quantity (heat or mass) between points
is driven by a difference in potential (temperature or
concentration) and controlled by a number of resis-
tances that depend on the local atmospheric environ-
ment and internal properties of the land surface and
vegetation.18

By treating the resistance networks in different
ways, we can obtain different configurations of the
resistance networks and estimate the resistance term
using different analogs. Figure 3 summarizes the
commonly used resistance models. It is worth noting
that these resistance configurations are applied to not
only the resistance to heat also the resistance to water
vapor. One-source model, i.e., the Penman26 and
Penman-Monteith27 resistance models, treats the

Nemani and

running52

Hope53

One-source SEB

methods {Kustas63;

Kalma and

Jupp64)

One-source SEB

method: SEBAL

(Bastiaanssen et

al.65,a,b)

One-source

SEB:

SEBS {Su66)

PM method

(Cleugh et al.67)

PT+water

balance method:

GLEAM (Miralles

et al.68)

BESS (Ryu et

al.69)

SEB methods

Ts-VI methods

PM methods

PT methods

Empirical methods

Water balance methods

Other methods

Two-source SEB:

ALEXl/TSTIM

(Anderson et al.79)

Two-source

SEB: disALEXI

(Norman et

al.80)

PT method

(Fisher et al.81)

Ts-VI method:

(Tang et al.84)

Two-source

SEB: Sim-

ReSET (Sun

et al.85)

PM method:

P-LSH

(K. Zhang, 

et al.44,82,83)

Ts-VI methods:

(Price et al.54;

Carlson et al.55;

Gillies et al.56;

Nishida et al.57)

One-source SEB

method: S-SEBI

(Roerink et al.58

One-source

SEB: METRIC

(Allen et al.59)

PM method:

MOD16 (Mu et

al.60,61)

PM method: PML

(Leuning et al.44;

Y. Zhang, et

al.62)

MEP(Wang and

Bras41)

Two-source SEB:

TSMK (Kustas63)

Two-source SEB:

TSMN (Norman et

al.70; Kustas

et al.71)

Ts-VI method

(Jiang and

Islam72)

Empirical method

(Wang et al.73;

Wang and

Liang74)

Empirical

method:MTE

(Jung et al.45,75)

Water balance met hods:

(Zeng et al.76; long

et al.77 2014; Wan et al.78)

1990 1995 2000 2005 2010 2015

1980s

FIGURE 2 | Selected key publications influencing the course of remote sensing based E science and model development.
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surface as a whole (Figure 3(a)). Two-layer model
(Figure 3(b)) divides the surface into two layers, usu-
ally soil surface and canopy, in which the energy and
vapor fluxes interact between the components, such
as the Shuttleworth-Wallace model.87 In contrast,
two-patch model treats soil and vegetation as two
‘uncoupled’ patches in which the fluxes do not inter-
act between the patches such as the Norman model70

(Figure 3(c)). Guan and Wilson88 combined the patch
and layer to develop a hybrid dual-source model
(Figure 3(d)). Multi-patch model considers more spa-
tial heterogeneity within each grid cell by dividing
the surface into multiple patches (Figure 3(e)), while
the multi-layer accounts for the vertical heterogeneity
of surface conditions (Figure 3(f )). Furthermore, the
multi-patch and multi-layer can be combined to form
a hybrid multi-patch multi-layer resistance model.

One-Source SEB
The one-source SEB models, which have also been
called one-layer models,63 solve for λE as the residual
term (Eq. (17)) and compute H using Eq. (18) and a
one-source heat resistance model. The one-source
resistance models recognize the role of surface

controls but do not distinguish contributions from
soil and vegetation components. In the one-source
SEB models, rr is usually equivalent to ra (aerody-
namic resistance to heat) and has typically been
determined by the MOST, yielding an express of the
form63,89:

ra =
ln z−d

zom

� �
−ΨM

h i
� ln z−d

zoh

� �
−ΨH

h i
k2�u

; ð19Þ

where zom is the roughness length for momentum
flux; ΨM and ΨH are stability correction functions for
momentum and sensible heat flux, respectively; k is
von Karman’s constant; u is wind speed at reference
height z. Kustas63 and Kalma and Jupp64 were
among the first researchers to formulate the one-
source SEB models and apply them in different stud-
ies. Because Taero cannot be measured by RS, it is
usually replaced by the radiative surface temperature
(Trad)

63,64 in practice. It can be also estimated from
remotely sensed brightness temperatures using empir-
ical models.90 Others have made empirical adjust-
ments to ra by adding an additional so-called excess
resistance to reflect difference between Taero and
Trad.

17,91

The early one-source SEB models were usually
used and suitable for local and micro scale applica-
tions due to their dependence on local calibration,
local reference surface fluxes or other data, lack of
spatiotemporal scalability, and other factors.65 To
overcome these limitations, Bastiaanssen et al.65

developed the Surface Energy Balance Algorithm for
Land (SEBAL) algorithm. The SEBAL model esti-
mates the spatial variation of most essential hydro-
meteorological parameters empirically, requires only
field information on shortwave atmospheric transmit-
tance, surface temperature and vegetation height, and
can handle thermal infrared images at resolutions
between a few meters to a few kilometres. Based on
the SEBAL algorithm, Allen et al.59 designed the
Mapping EvapoTranspiration with high Resolution
and Internalized Calibration (METRIC) model that
calibrates the SEB internally using ground-based ref-
erence E to reduce computational biases inherent to
the RS-based energy balance and to provide congru-
ency with traditional E estimation methods. Later
studies have been conducted to improve the method
to determine the hot and cold extreme pixels,92 a
necessary process required by the SEBAL and MET-
RIC models.

Roerink et al.58 formulated the Simplified Sur-
face Energy Balance Index (S-SEBI) algorithm that
estimates instantaneous λE as the product of the
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FIGURE 3 | Schematic diagrams of different configurations of
resistance networks (surface and aerodynamic resistances to heat or
water vapor) used in different existing heat and/or evapotranspiration
models: (a) one-source model, (b) two-layer model, (c) two-patch
model, (d) hybrid dual-source model, (e) multi-patch model, and (f )
multi-layer model; subscripts a and s represent atmosphere and
surface, while superscripts S and C denote soil and canopy,
respectively. Note that r Cs is only applied to the resistance to water
vapor.
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evaporative fraction (EF) and Rn − G. This approach
is different from other one-source SEB models
because it does not need to compute H. In S-SEBI, Λ
is estimated from a scatter plot of observed surface
temperature and surface reflectance. The scatter plot
shows two boundaries: an upper boundary represent-
ing dry, radiation controlled conditions and a lower
boundary representing evaporation controlled wet
conditions. For successful application, the S-SEBI
model requires that the atmospheric conditions are
reasonably constant across the sensor image and that
the image contains both wet and dry areas.58

The SEB System (SEBS) developed by Su66 is
another well-known one-source SEB model. SEBS
consists of a set of tools for determination of the land
surface physical parameters from spectral reflectance
and radiance measurements, a model for estimating
the roughness length for heat transfer and a formula-
tion to determine the EF for limiting cases.59 The
tools included in the SEBS facilitate model implemen-
tation for estimating H and λE from satellite data.

Two-Source SEB
In contrast to the one-source SEB, two-source SEB
models account for the individual contributions of
soil and vegetation to the total heat flux (Figure 3
(b)), and were inspired by earlier work from Shuttle-
worth and Wallace87 and Shuttleworth and Gur-
ney.93 Initially, the two-source SEB models were
designed for use with incomplete canopies.63,70 The
earliest two-source SEB models include a model by
Kustas63 and the Two-Source Model by Norman
et al.70 (TSMN). In the two-source SEB models, H is
usually the sum of canopy sensible heat (HC) and soil
sensible heat (HS),

70 of which both are estimated
using similar forms of Eq. (18):

HC = ρair�CP�TC−Tac

rC
; ð20Þ

HS = ρair�CP�TS−Tac

rS
; ð21Þ

where TC and TS are canopy and soil temperatures,
respectively; Tac is the air temperature in the canopy
air layer. TC and TS are related to Trad through the
following equations:

Trad = fC�T4
C + 1− fCð Þ�T4

S

� 	1=4
; ð22Þ

fC = 1 − exp
−0:5�Ω�LA

cos;
� �

; ð23Þ

where fC is the fractional vegetation cover; Ω is a fac-
tor indicating the degree to which vegetation is
clumped71,94; ; is the radiometer view angle.

Revisions have been conducted to the TSMN

model in later studies, such as Kustas and
Norman,71 Norman et al.,95 Li et al.,96 and Sanchez
et al..97 The TSMN model and its derivatives adopt
the Priestley-Taylor (P-T) parameterization and an
iteration procedure for estimating the energy parti-
tion, which introduces some uncertainty in determin-
ing the initial and corrected valued of the P-T
coefficient.98 Among other TSM developments,
Anderson et al.99 proposed a Two-Source Time-
Integrated Model (TSTIM) as an extension of TSMN.
In contrast to the TSMN model, TSTIM utilizes mea-
surements of surface temperature acquired at two
observation periods, rather than a single time of
observation and an atmospheric temperature profile
during early daylight hours. Because the TSTIM
incorporates temporal changes in Trad, it is relatively
insensitive to uncertainties associated with surface
emissivity and atmospheric corrections.79,99 TSTIM
was later renamed as the Atmosphere-Land
EXchange Inverse (ALEXI) model, which couples a
two-source land surface model and one-dimensional
ABL model.79,99 Based on the ALEXI model, Nor-
man et al.80 designed the Disaggregated Atmosphere-
Land EXchange Inverse model (DisALEXI), which
takes two steps to combine low- and high-resolution
RS data to estimate E at 101 to 102 m spatial scales
without requiring any local observations using a
patch-model type representation of surface resis-
tances (Figure 3(c)). Sun et al.85 reformulated the
two-source SEB equations with some simplifications
and parameterizations to develop the Simple Remote
Sensing EvapoTranspiration model (Sim-ReSET).
Sim-ReSET avoids calculating the aerodynamic
resistance by means of a reference dry bare soil and
an assumption that wind speed at the upper bound-
ary of the atmospheric surface layer is homogenous,
making it easier to be applied for estimating E using
regular and routine RS data.85

Penman-Monteith Methods
The Penman-Monteith (PM) E mapping models
essentially compute E/λE directly and/or estimate
H in conjunction with the energy balance equation.
The PM models include one-, two- or multi-source
models depending on how they account for the
sources of E. For two- or multi-source PM models,
E is usually partitioned into soil evaporation and
canopy transpiration by partitioning available energy
for E using fractional vegetation cover (fC) derived
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either from a satellite observed vegetation index (V),
such as Normalized Difference Vegetation Index
(NDVI) and Enhanced Vegetation Index (EVI), or
from satellite observed LAI. For example, fC can be
estimated using satellite V60,67 observations as:

fC =
V−Vmin

V−Vmax

� �2

; ð24Þ

where Vmin and Vmax are the V values for bare
ground and closed canopy conditions, respectively.
The Rn − G term, i.e., sum of λE and H (also
denoted as A), can be then linearly partitioned into
canopy (AC) and soil surface (AS) components using
fC such that:

AC =A�fC; ð25Þ
AS =A� 1− fCð Þ: ð26Þ

The successful application of the PM method using
RS data largely lies in the accurate estimation of
surface/canopy resistance to water vapor in
Eq. (7) or its inverse––surface/canopy conductance.
Cleugh et al.67 applied the PM equation to estimate
E in Australia and validated their model for two
contrasting Australian ecosystems, with generally
good results. They used a simple method to scale
leaf stomatal conductance to canopy conductance
and did not explicitly account for soil evaporation.
Later, Mu et al.60 developed a new PM E model
called MOD16 based on the work of Cleugh
et al.67 by improving the conductance model and
estimating canopy E and soil evaporation sepa-
rately. The revised MOD16 canopy conductance
model is written as:

gC = gl�LA�m Tminð Þ�m Dað Þ; ð27Þ

where m(Tmin) and m(Da) are environmental con-
straint factors representing daily minimum air tem-
perature (Tmin) and atmospheric vapor pressure
deficit (Da). Mu et al.60 also developed an approach
to directly calculate soil evaporation by combing the
PM equation with the complementary relationship
hypothesis100:

λ�ES =
Δ�AS + ρair�CP� esat −eað Þ=ra

Δ + γ� rtotra

� RH

100

� � esat −eað Þ=100
;

ð28Þ

where rtot represents the total aerodynamic resistance
and RH is the percent relative humidity. Mu et al.61

further revised their model by splitting E to daytime
and nighttime components, adding a soil heat flux
calculation, separating dry and wet canopy compo-
nents, and dividing the soil surface into saturated wet
surface and moist surface components. The MOD16
model has been routinely used to generate global 16-
day composite land E calculations using NASA
MODIS (MODerate resolution Imaging Specroradi-
ometer) data.60,61 Sheffield et al.101 adopted the
MOD16 model with a minor change to estimate
E for Mexico from 1984 to 2006 and compared their
results with land surface model calculations and mea-
surements from ~1800 pan evaporation stations,
showing that the MOD16 results generally track the
seasonal cycle and spatial pattern of the comparison
datasets.

Zhang et al.82 and Zhang et al.83 developed a
NDVI-based PM E model, later identified as the
Process-based Land Surface Evapotranspiration/Heat
Fluxes algorithm (P-LSH), which computes canopy
evapotranspiration, soil evaporation, and evapora-
tion from open water bodies, separately. In the P-
LSH model, an empirical biome-specific NDVI-based
Jarvis-Stewart-type canopy conductance model was
developed to estimate canopy conductance. Although
this conductance model is empirical, its biome-
specific parameters were derived from in situ flux
tower observations across the global domain through
an inverse method using the PM equation. This
model is expressed as:

gC = g0 VNð Þ:m Tday
� ��m Dað Þ; ð29Þ

m VPDð Þ=
1:0 Da ≤Dopen

Dclose−Da

Dclose−Dopen
Dopen <Da <Dclose

0:1 Da ≥Dclose

8>><
>>: ; ð30Þ

m Tday
� �

=

0:01 Tday ≤Tclose_min

exp −
Tday −Topt

β

� �2
� �

Tclose_min<Tday

0:01 Tday ≥Tclose_max

8>><
>>: <Tclose_max;

ð31Þ

where g0(VN) is the biome-dependent potential
(i.e., maximum) value of gC, which is a function
of NDVI (VN); Tday is the daylight average air
temperature; m(Tday) is a temperature stress factor
and function of Tday; m(Da) is a water/moisture
stress factor and function of Da; Dopen is the
biome-specific critical value of Da at which the
canopy stomata are completely open; Dclose is the
biome-specific critical value of Da at which canopy
stomata are completely closed; Tclose_min and
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Tclose_max are the biome-specific minimum and
maximum critical temperatures for stomatal closure
and the effective cessation of plant photosynthesis;
Topt is a biome-specific optimal air temperature for
photosynthesis; β is a biome-specific parameter and
is the difference in temperature from Topt at which
the temperature stress factor falls to 0.37
(i.e., e−1). The P-LSH model also computes ground
and water body heat storage changes, calculates
evaporation of water bodies using the Penman equa-
tion and adopts the soil evaporation estimation
method of Mu et al.60 In a later revision, Zhang
et al.44 added a CO2 constraint function to their can-
opy conductance model to account for the controls
of atmospheric CO2 concentration on canopy con-
ductance. The P-LSH model has been applied to esti-
mate global land E using satellite observations
spanning the past several decades, with favorable
E accuracy.44,83

Leuning et al.62 also built a PM RS E model by
introducing the conductance model shown as
Eq. (11) in previous studies.35,36 The model is
denoted as Penman-Monteith Leuning model (PML)
and has been used to estimate regional E102 and
global E,47 showing generally good results.

Priestley-Taylor Methods
The Priestley-Taylor (PT) model103 is a simplification
of the PM equation and was originally used to esti-
mate E under water unstressed conditions without
computing aerodynamic and surface conductance.
The general PT equation can be expressed as

λ�E = fstress�α� Δ

Δ + γ
� Rn−Gð Þ; ð32Þ

where α is the PT parameter with a value of 1.2–1.3
under water unstressed conditions, fstress is a stress
factor that is ignored or set to 1 in the original PT
equation103 and is usually computed as a function of
environmental conditions. In later studies, α has been
estimated under water stressed conditions using RS
data and empirical or semi-empirical relationships.
Therefore, the PT method has been adopted for
building RS E models. Fisher et al.81 introduced
plant temperature and moisture constraint factors
into the PT equation to compute monthly canopy
transpiration and developed revised PT equations to
estimate monthly wet canopy evaporation and soil
evaporation. The validation of their PT RS E model
at 16 FLUXNET sites showed generally good agree-
ment with site observations.82 Miralles et al.68 built
another PT type RS E model called Global Land

Surface Evaporation: the Amsterdam Methodology
(GLEAM), which combines a canopy interception
model, a soil water module and a stress module with
the PT equation.

Ts-VI Space Methods
The Ts-VI space methods use spatial variation of Ts

and the relationship between TS and VI to partition
Rn into λE and H. This approach can be traced
back to earlier studies such as Hope et al.53 and
Nemani and Running.52 The basic idea is to explore
the relationship between TS and VI using satellite
images or data covering a large number of pixels
with both wet and dry areas; the Ts-VI space with
sufficient samples usually shows a triangle pattern
that has a cold (wet) edge where Ts (VI) changes
are small (large) and more energy is used for λE,
and a warm (dry) edge where Ts and VI changes
and energy partitioning show the opposite response.
Because of the ‘triangle’ pattern of Ts-VI space, these
methods are sometimes called the ‘triangle
method’.54–57 Other studies showed that the trape-
zoid pattern represents the Ts-VI space better104 and
can be derived in a theoretical way.105 Some Ts-VI
space models compute λE by interpolating the
extreme (wet and dry) values of λE using the Ts-VI
relationship, e.g., the work of Price.54 Nishida
et al.57 and Tang et al.84 used the Ts-VI relationship
to derive EF and subsequently compute E as product
of Rn − G and EF. Jiang and Islam72 and Wang
et al.73 used the Ts-VI relationship to interpolate the
PT parameter and estimate λE using the PT equation.
By utilizing the trapezoid pattern of the Ts-VI space,
Long and Singh106 developed a two-source Ts-VI
model named TTME (Two-source Trapezoid Model
for Evapotranspiration). Later, Yang and Shang107

combined the triangle/trapezoid framework with a
resistance network to build a hybrid dual-source
Ts-VI model. Recently, Merlin et al.108 developed a
four-source Ts-VI model.

Other Methods

MEP Method
The MEP method formulates turbulent latent, sensi-
ble and ground heat fluxes over the land surface in
terms of analytical functions of surface net radiation,
temperature, and humidity. Wang and Bras40,41 were
the first to apply the MEP theory to estimate E and
other heat fluxes. In the MEP model, heat fluxes can
be expressed in the following nonlinear algebraic
equations:
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1 +B σð Þ+ B σð Þ
σ

� Is
I0
� Hj j−1

6


 �
�H =Rn

λ�E =B σð Þ�H
G =Rn−λ�E−H

; ð33Þ

with B σð Þ= 6
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1 + 11

36 �σ
q

−1
� �

and σ≡ λ2

Cp�Rv
: qsT2

s
, where

qs is the surface specific humidity; Rv is the gas con-
stant of water vapor; I0 is the ‘apparent’ thermal
inertia of turbulent air40 and is an eddy-diffusivity
dependent parameter characterizing boundary layer
turbulence. The surface heat fluxes (λE, H, and G)
can be solved for given the input data of Rn, Ts, and
qs. Note that only Rn and Ts are needed for the case
of saturated land surfaces (e.g., saturated soils, irri-
gated farm lands and canopy under no water stress)
where qs is a function of Ts according to the
Clausius-Clapeyron equation. The thermal inertia of
soil, Is, varies with soil water content and may be
parameterized using an empirical function,

Is =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
I2d + θ�I2w

q
, where Id and Iw are the thermal iner-

tia of dry soil and liquid water, respectively, and θ is
the volumetric water content. The MEP model pre-
dicts the three surface heat fluxes without using bulk
gradients of temperature and water vapor, while clos-
ing the surface energy budgets.

Water-Carbon Linkage Methods
Some efforts have been devoted to building RS driven
models that connect photosynthesis or vegetation
productivity and evapotranspiration. Some models
adopt modules that have been implemented in land
surface models or biosphere models to build process-
based models. For example, Ryu et al.69 proposed
the Breathing Earth System Simulator (BESS) that
consists of a simple atmospheric radiative transfer
model, the Farquhar-Collatz two leaf photosynthesis
model, and the quadratic form of the PM equation.
The main objective of Ryu et al. is to quantify
global gross primary productivity (GPP) and evapo-
transpiration using harmonized MODIS atmosphere
and land products. A few other studies utilize
the relationships of GPP and E derived to infer
E from satellite-based GPP estimation109 or to
partition tower-observed E to transpiration and
evaporation.110

Water Balance Method
Because E is also a component of the water budget, it
can therefore be estimated as a residual of the water
balance equation: ET = P − R − ΔSW, where P is pre-
cipitation, R is runoff, and ΔSW is the change in
water storage. Recent advances in retrieval

algorithms and satellite RS technology have enabled
large scale mapping and monitoring of P111,112and
ΔSW.

113 However, R is still generally available
through sparse ground observation networks. There-
fore, the water balance method for E estimation is
generally applied on the basin scale and over
monthly or even coarser temporal scales due to avail-
ability of remotely sensed ΔSW that is currently only
available from the GRACE (Gravity Recovery and
Climate Experiment) satellites. For example, Zeng
et al.76 applied this method over 59 of the world’s
major river basins using GRACE data and in situ
runoff measurements to estimate E, and consequently
developed a spatial regression model of annual E by
integrating P, temperature and NDVI data. Long
et al.77 used the water balance method to derive
monthly E in several basins of the South Central Uni-
tes States, while Wan et al.78 applied the water bal-
ance method to derive monthly E for 592 sub-basins
across the continental USA (CONUS) from 2002 to
2014 by downscaling the GRACE data using land
surface models.

Empirical Models
Besides process- and/or physics-based methods, there
are also a variety of empirical methods used for RS
based E estimation and mapping. Almost all of the
empirical models use statistical methods, ranging
from simple single-parameter or multivariate meth-
ods to complex machine learning approaches, linking
E to various explanatory variables that are more eas-
ily observed or obtained from ground and satellite
RS. For example, Wang et al.74 developed a simple
empirical regression model that expresses E as a
function of Rn, Ts, and VI and is further revised to
account for the impacts of relative humidity.51 Jung
et al.45 designed a machine learning method called
the Model Tree Ensemble (MTE) to estimate monthly
E using temperatures, P, fAPAR (canopy fraction of
absorbed photosynthetic active radiation) and poten-
tial radiation as explanatory variables. Jiménez
et al.114 built a nonlinear statistical model that pre-
dicts E using remotely sensed visible and near-
infrared spectral reflectances, thermal infrared skin
temperature, active microwave backscatter and pas-
sive microwave emissivities.

ADVANTAGES AND LIMITATIONS
OF DIFFERENT E RS METHODS
AND THEIR INTERCOMPARISON

As described in the previous section, a variety of
methods have been developed over the past two to
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three decades. Almost every method has its own mer-
its and limitations. The common advantages and dis-
advantages of each modeling type are summarized in
Table 1.

The SEB models are the earliest RS methods to
map E, while accuracy is largely dependent on the
quality and reliability of thermal RS inputs. These
models can also potentially be implemented using
inputs derived solely from RS. However, there are
some common disadvantages in these methods. The
largest limitation is that they only work for clear-sky
conditions because thermal RS data, as their primary
input data source, are only reliable for clear-sky con-
ditions. In addition, the derived λE fluxes are instan-
taneous values requiring temporal extrapolation to
daily or longer time scales using additional assump-
tions or methods,115 or gap-filling techniques.99 The
SEB methods are also susceptible to the uncertainty
in the estimates of Ts and Ta or their difference. The
Ts-VI methods take advantage of the spatial variation
of Ts and its relationship with VI using a large sam-
ple size, which reduces model sensitivity to Ts

retrieval error. However, the semi-empirical relation-
ships derived from the Ts-VI space may not always
hold; these methods are also limited by other short-
comings as listed in Table 1. The PM approaches are
process-based and physically sound, and can produce
temporally continuous fluxes. However, the PM
models require surface meteorological variables as
forcings of which many have to be provided by mete-
orology reanalyses or forecasting models in regional
applications; this may introduce uncertainty into the
E estimation from meteorological forcings. Many,
probably all, of the current canopy conductance
models used in the RS PM models do not directly
consider soil moisture constraint on transpiration
other than using Da as a surrogate due to lack of
continuous, reliable root-zone soil moisture data.60,83

This may introduce additional uncertainty since spa-
tial variability of Da can be lower than that of soil
moisture.98 The PT models use a simplified PM
approach as a primary governing equation and are
semi-empirical, although they have fewer require-
ments for meteorological forcing inputs. The MEP
method is built on a theory of nonequilibrium ther-
modynamics with relatively few meteorological for-
cings, but requires continuous Ts observations in
order to produce a continuous E record. The MEP
model accuracy is also susceptible to the quality of
the Ts inputs. The water balance methods are simple
and theoretically sound but are hard to apply at finer
spatiotemporal scales due limited availability of
water budget components data. The water-carbon
linkage methods usually introduce or take advantage

of carbon processes in the model calculations, which
may increase their dependence on forcing data
requirements and quality, and/or be impacted by
uncertainty in estimates of carbon fluxes. Empirical
models are usually simple and easy to be applied, but
they lack a solid theoretical basis and rely heavily on
calibration. In summary, the different RS
E approaches have their own merits and disadvan-
tages, while no consensus has been reached on which
method is the best.

Many studies have been conducted to compare
the existing RS E products using different methods
and/or forcings on local and regional scales.
Gonzalez-Dugo et al.115 compared the TSMN with
two simple one-source SEB models over rain-fed corn
and soybean crops in central Iowa and found that
the TSMN outperformed the one-source models.
Cleugh et al.67 evaluated a one-source SEB model
with a PM model at two contrasting Australian eco-
systems using 3 years of E and meteorological mea-
surements and found that the one-source model
failed because small errors in the radiative surface
temperature translate into large errors in sensible
heat and resulting latent heat calculations, while the
PM model adequately estimated the magnitude and
seasonal variation of E in both ecosystems.

Many recent studies have focused on the inter-
comparison of different global RS E data products.
Jiménez et al.116 compared global E estimations from
five RS E models, including the PT model by Fisher
et al.,81 the empirical model by Jiménez et al.,114 the
empirical model by Wang et al.,51 the MTE,75 a
modified MOD16 model,101 three reanalysis data-
sets, and two off-line land surface models. They
found that the E results from the different RS models
were well correlated with each other, aided by large
seasonal variability and common forcing data for
some of the E data products.108 However, there were
also large error spreads among the ET products when
comparing their absolute values (Figure 4(a)). The
relative standard deviation of these products can be
as large as 50% or larger in some regions (Figure 4
(a)). Relatively large E differences were observed over
tropical rainforest but, when normalized by mean
fluxes, the differences were comparable to other land
cover classes (Figure 4(a)). A more recent study by
Mueller et al.117 compared 40 different global E data
products from different RS models, land surface
models, and reanalyses and found large uncertainty
and error spreads among the different E records. The
spatial patterns of the mean, standard deviation, and
relative standard deviation of annual E from seven
RS based products collected in the study of Mueller
et al.10 are similar to those of Jiménez et al.116
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TABLE 1 | Summary of Existing Major Satellite-based E Mapping Methods (extended from the summary of Wang and Dickinson20)

Model Advantages Assumptions/Limitations E Partition
Minimum Forcing

Data Reqs.
Representative

Studies

One-source
SEB

Simple, low requirement
for metrological data

Only available for clear-sky;
requires parameterization of
excessive resistance and local
calibration; susceptible to Ts and
Ta errors; requires scaling of
instantaneous to daily values;

No partition Rn, Ts, Ta Kustas63; Kalma
and Jupp64;
Su66

One-source
spatial
variability
SEB

Simple, low requirement
for metrological data

Only available for clear-sky;
requires parameterization of
excessive resistance and local
calibration; susceptible to Ts and
Ta errors; requires scaling of
instantaneous to daily values;

No partition Rn, Ts, Ta Bastiaanssen
et al.65; Allen
et al.59;
Roerink et al.58

Two-source
SEB

Low requirement for
meteorological forcing

Only available for clear-sky; high
sensitivity to surface
temperature errors; requires
scaling of instantaneous to daily
values

Soil and
vegetation
components

Rn, Ts, Ta Kustas63; Norman
et al.70; Sun
et al.85

Two-source
time
differencing
SEB

Low requirement for
meteorological forcing;
reduced sensitivity to
absolute Ts − Ta
differences; does not
need local calibration

Only available for clear-sky; high
sensitivity to surface
temperature errors; requires
scaling of instantaneous to daily
values

Soil and
vegetation
components

Rn, Ts Anderson et al.79;
Norman
et al.80

Ts-VI methods Low sensitivity to Ts
errors; low metrological
data requirement

Only available for clear-sky;
relationships derived from Ts-VI
space is oversimplified; requires
scaling of instantaneous to daily
values

Soil and
vegetation
components

Rn, Ts, VI Price54; Carlson
et al.55; Gillies
et al.56;
Nishida
et al.57; Jiang
and Islam72;
Tang et al.84

PM models Process-based, physically
sound, temporally
continuous coverage,
flexible time step, no or
low requirements for
surface temperature

High meteorological forcing
requirements; simplified or
semi-empirical estimate of
canopy conductance

Soil,
vegetation,
and/or open
water
components

Rn/radiations, Ta,
VPD or air vapor
pressure, and
LAI/VI

Cleugh et al.67;
Mu et al.60;
Leuning
et al.62; Zhang
et al.82

PT models Simple; moderate
requirement for
meteorological forcing

Many simplifications of physical
processes; requires ground heat
flux as an input or assumes that
it is negligible; applied on a
monthly time scale

Soil and
vegetation
components

Rn, Ta, albedo,
water vapor
pressure; P, θ,
and snow water
equivalent
needed for
GLEAM

Fisher et al.81;
Miralles
et al.68

MEP model Low requirement for
meteorological forcing;

Requires continuous land surface
temperature to produce
continuous E record

Soil and
vegetation
components

Rn, Ts, qs Wang and Bras40

Water
balance
methods

Simple and easy to be
applied

Cannot directly derive gridded E
values; has coarse
spatiotemporal resolution;
sensitive to precipitation data
error

No partition P, Runoff, and ΔSW Zeng et al.76;
Long et al.77;
Wan et al.78
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(Figure 4(b)). The profiles of latitudinal distributions
and reasonability profiles of six RS E products com-
pared by Schwalm et al.118 generally agree well in

terms of spatial pattern despite discrepancies in the
E magnitudes (Figure 5(a) and (b)). However, large
difference can appear in the interannual variability of

TABLE 1 | Continued

Model Advantages Assumptions/Limitations E Partition
Minimum Forcing

Data Reqs.
Representative

Studies

Other water-
carbon
linkage
methods

Considering the linkage
between carbon and
water fluxes

Can have high requirements for
forcing data and be impacted by
data gaps and errors but differ
in different models; empirical
carbon–water relationships may
be used

Usually
partition
into soil
and
vegetation
components

Varies among
different models.

Ryu et al.69

Empirical
models

Simple, easy to apply Requires calibration; degraded
capability outside of calibration
area; over-simplification of
physical processes; subject to
weather condition if land
surface temperature is required

Usually do not
partition E

Varies for different
models

Wang et al.74;
Jung et al.45

Mean �E (W m–2) 

std �E (W m–2) 

rstd �E (%) 

Mean E (mm d–1) 

std E (mm d–1)

rstd E (%)

(a) (b)

FIGURE 4 | (a) The spatial patterns of ensemble mean (mean), standard deviation (std), and relative standard deviation (rstd) of 12 global E
(latent heat) products, including five RS E products, for 1994 (Reprinted with permission from Ref 116. Copyright 2011 American Geophysical
Union) and (b) the spatial patterns of mean, std, and rstd of multi-year (1989–2005) mean annual E from seven global RS E products (data are
provided by Mueller, et al.117)
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different global E products (Figure 5(c) and (d)),
although the long-term trend of the global
E datasets, especially for the model ensemble means,
showed generally better agreement.45,117

CONCLUSION AND PERSPECTIVE

With the rapid development of RS technologies and
wide availability of RS data in the last three decades,
a wide spectrum of RS based E estimation methods
have been developed. Although the core theories
underlying these methods matured in an earlier time,
the incorporation of RS information has enabled
regional to global application of these theories for
improved E estimation. These RS E products have
been used as observational benchmarks to evaluate
LSM models.117,118 Although there are a large num-
ber of RS E models and approaches, there is no con-
sensus on which one is the best considering that each
method has both advantages and disadvantages rela-
tive to the other approaches. Several studies compar-
ing multiple RS E methods and products have been
conducted.45,116–120 However, most of these studies
have focused on investigating similarities and differ-
ences among model E results. Few studies have been

conducted to identify the uncertainty sources and the
detailed spatiotemporal distribution of errors that
will be helpful for advancing the development of RS
E techniques and models. To reduce RS E uncer-
tainty, the merging of multiple RS E products using
an ensemble approach45,117 and more sophisticated
data fusion methods121 has emerged, which may pro-
duce a better E product but may not necessary lead
to better understanding of the physical processes and
drivers needed to advance RS principles and capacity
for E prediction.

To advance the field of RS E, future research
can be focused on several directions. First, more
studies should be conducted to identify the uncer-
tainty sources, including but not limited to forcing
errors, process errors, and parameterization errors,
in the RS E models, and their spatiotemporal behav-
ior. To this end, more thorough model inter-
comparison and advanced uncertainty and error
propagation analyses need be applied. Parameter
optimization techniques will be valuable to improve
the performance of the RS E models, too. Identifica-
tion of uncertainty sources will shed light on how
to further improve the forcing data, model physics,
and RS technologies.

5  6  7  7  7  7  7  8  8  8  8  8  8  8  8  8  8  8  9  9  9  9  9  7  5 
3  3

MTE

Range of independent models
Inter-quartile range of independent models
Median of independent models
Median of independent models (n < 5) 

L
a

ti
tu

d
e

G
lo

b
a

l 
la

n
d

 E
T

 a
n

o
m

a
lie

s
(m

m
 p

e
r 

y
e

a
r)

Mean evapotranspiration (mm day–1) 

60°S

30°S

EQ

30°N

60°N

90°N

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5

–20

–10

1995 2000 2005

Year

1985 1990

0

10

20

E
v
a

p
o

tr
a

n
s
p

ir
a

ti
o

n
(1

0
3
 k

m
3
 m

o
n

–
1
)

G
lo

b
a

l 
la

n
d

 E
T

 a
n

o
m

a
lie

s

(m
m

 p
e

r 
y
e

a
r)

Month

J F M A M JJ A S O N D
3

4

6

5

7

9

8

10

1997 20031995 20011993 19991991 20051989

Year

40

20

0

–20

AWB
PML
MPI 
P-LSH 
UCB 
UDEL

AWB
PRUNI
MPI
CSIRO
GLEAM

(a) (b)

(c) (d)

FIGURE 5 | (a) Latitudinal distribution of mean E from six RS E products, (b) mean seasonal cycle of the six E products, (c) time series of
annual global land E anomalies from the MTE model and nine other models, and (d) time series of annual global land E anomalies from five RS E
model ((a) and (b) Reprinted with permission from Ref 118. Copyright 2013 IOP Publishing Ltd, Ref 45. Copyright 2010 Macmillan Publishers
Limited, and (d) Ref 117. Copyright 2013 Copernicus Publications.)
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Secondly, it will be valuable to build hybrid or
integrated methods that combine different E mapping
methods by taking advantage of their respective
merits and compensating for their limitations, or use
multi-source and multi-band RS data and emerging
RS technologies for E retrievals. Studies of this kind
have appeared but can be pushed further. Applica-
tion of data fusion and data assimilation techniques
will be extremely helpful to produced integrated
E estimates. These techniques can be used to fuse the
different E estimates or the upstream satellite data
from different platforms and the other forcing data
to improve the accuracy and spatiotemporal
coverage.

Thirdly, RS technologies also have a large room
to be improved. The spatial and temporal resolutions
of satellite data serving as the inputs of the RS
E models need be largely improved in the future. The
current high-resolution platforms (ASTER and Land-
sat) have low return rates (twice-monthly at best),
while the platforms with higher return rates, such as
MODIS and SMAP suffers coarser spatial resolu-
tions. In addition, all satellites have latencies varying
from a couple of hours to several days. E retrievals
from these platforms are hard to meet many practical
needs such as irrigated agriculture. Therefore, future
satellite missions should fully exploit potential cap-
abilities for accurate and timely retrievals of driving
processes needed for successful E estimation, includ-
ing improving global sensor spatiotemporal coverage
and developing new sensors.

As relevant satellite data rapidly grow, further
improvement on processing techniques for satellite
data will also benefit the E retrievals to achieve
higher accuracy, better coverage, and/or improved
timeliness. Latest computational technologies such as
high-performance computing, cloud computing, and
big-data techniques will handle the vast volume of
satellite data more efficiently, digest additional satel-
lite inputs, e.g., active/passive microwave RS, and
make the regional to global E retrievals faster and
even more accurate.

Furthermore, the theories and modeling
methods of E retrievals can be further improved as
well. For example, the method and technology to

estimate canopy conductance can be improved; in
particular, RS of inflorescence may facilitate it. Latest
theoretical advances in nonequilibrium thermody-
namics can be incorporated into the classical
E theories.

Lastly, planned future satellite missions will
open new opportunities to improve E estimates. For
example, NASA’s Surface Water and Ocean Topog-
raphy (SWOT) will make the first-ever global survey
of Earth’s surface water, which will provide a new
way to estimate E, especially over the open water
surfaces, and validate the other E estimates. The
GRACE Follow-on (GRACE-FO) mission will dra-
matically improve the measurement system relative
to the GRACE, which will largely benefit the
E retrievals, especially the water-balance approach.
In addition, the current satellite-retrieved water com-
ponents usually do not satisfy basin-scale water
budget closure.122,123 As the improvement of future
sensors and available of new technologies, all, at
least most, of water components can be sensed from
the space and it will be likely to achieve water
budget closure of satellite-retrieved water
components.

Although there is no doubt that there will be
more research challenges and directions than those
listed above, the field of RS evapotranspiration has
experienced rapid growth and advancement with
ongoing improvements and continuity in available
satellite data and technologies. The development of
RS E capabilities has made great contributions to
operational environmental and hydrological monitor-
ing, agricultural management and decision support,
and climate change studies. Continuing developments
in this field and supporting sensor technologies will
contribute to further improvements in E estimation
accuracy and capacity, enabling further scientific
advances and applications benefiting many other
fields.

NOTE
a Traditionally, evapotranspiration is denoted as E in math-
ematical equations, despite also being denoted as ET in the
literature. In this paper, we adopt the symbol E.
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